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Summary

Plants are the major nutritional component of the human diet, provide us with shel-
ter, fuel, and enjoyment. Substantial yield loss is caused by plant diseases transmitted
by bacteria, fungi, and oomycete pathogens. Plants have an elaborate innate immune
system to fight threatening pathogens, relying to a great extend on highly variable re-
sistance (R) genes. R genes often encode intracellular nucleotide-binding leucine-rich
repeat receptors (NLRs) that directly or indirectly recognize pathogens by the presence
or the activity of effector proteins in the plants’ cells. NLRs contain variable N-terminal
domains, a central nucleotide-binding (NB) domain, and C-terminal leucine-rich repeats
(LRRs). The N-terminal domains can be used to distinguish between the evolutionary
conserved NLR classes TNL (with a toll/interleucin-1 receptor homology (TIR) domain),
CNL (with a coiled-coil (CC) domain), and RNL (with an RPW8 domain). The archi-
tectural diversity is increased by additional integrated domains (IDs) found in different
positions. Plant species have between a few dozen and several hundred NLRs. The
intraspecific R gene diversity is also high, and the still few known NLRs responsible
for long-term resistance are often accession-specific. Intraspecific NLR studies to date
suffer from several shortcomings: The pan-NLR’omes (the collection of all NLR genes
and alleles occurring in a species) can often not be comprehensively described because
too few accessions are analyzed, and NLR detection is essentially always guided by
reference genomes, which biases the detection of novel genes and alleles. In addition,
inappropriate or immature bioinformatics analysis pipelines may miss NLRs during the
assembly or annotation phase, or result in erroneous NLR annotations. Knowing the
pan-NLR’ome of a plant species is key to obtain novel resistant plants in the future. I
created an extensive and reliable database that defines the near-complete pan-NLR’ome
of the model plant Arabidopsis thaliana. Efforts were focused on a panel of 65 diverse
accessions and applied state-of-the-art targeted long read sequencing (SMRT RenSeq).
My analysis pipeline was designed to include optimized methods that could be applied to
any SMRT RenSeq project. In the first part of my thesis I set quality control standards
for the assembly of NLR-coding genomic fragments. I further introduce a novel and
thorough gene annotation pipeline, supported by careful manual curation. In the second
part, I present the manuscript reporting the saturated near-complete A. thaliana pan-
NLR’ome. The species-wide high NLR diversity is revealed on the domain architecture
level, and the usage of novel IDs is highlighted. The core NLR complement is defined
and presence-absence polymorphisms in non-core NLRs are described. Furthermore,
haplotype saturation is shown, selective forces are quantified, and evolutionary coupled
co-evolving NLRs are detected. The method optimization results show that final NLR
assembly quality is mainly influenced by the amount and the quality of input sequencing
data. The results further show that manual curation of automated NLR predictions are
crucial to prevent frequently occurring misannotations. The saturation of an NLR’ome
has not been shown in any plant species so far, thus this study provides an unprecedented
view on intraspecific NLR variation, the core NLR complement, and the evolutionary
trajectories of NLRs. IDs are more frequently used than known before, suggesting a
pivotal role of noncanonical NLRs in plant-pathogen interactions. This work sets new
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standards for the analysis of gene families at the species level. Future NLR’ome projects
applied to important crop species will profit from my results and the easy-to-adopt anal-
ysis pipeline. Ultimately, this will extend our knowledge of intraspecific NLR diversity
beyond few reference species or genomes, and will facilitate the detection of functional
NLRs, to be used in disease resistance breeding programs.
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Zusammenfassung

Pflanzen sind Hauptbestandteil der menschlichen Ernährung, liefern Schutz, Kraft-
stoffe, und Erholung. Durch Pflanzenkrankheiten die von Bakterien, Pilzen und Oomyce-
ten übertragen werden können, werden beträchtliche Ertragseinbußen verursacht. Pflan-
zen haben ein ausgefeiltes angeborenes Immunsystem um gefährliche Pathogene zu
bekämpfen. Dabei sind sie hauptsächlich auf die hoch-variablen Resistenz (R) Gene
angewiesen. R Gene kodieren oft intrazelluläre nukleotid-bindende Rezeptoren mit
leucin-reichen repetitiven Regionen (nucleotide-binding leucine-rich repeat receptors,
NLRs), die Pathogene direkt oder indirekt wahrnehmen können indem sie die Präsenz
oder Aktivität von Effektor Proteinen in den pflanzlichen Zellen detektieren. NLRs
beinhalten variable N-terminale Domänen, eine zentrale Nukleotid-bindende (nucleotide-
binding, NB) Domäne, und C-terminale Leucin-reiche repetitiven Regionen (leucine-rich
repeats, LRRs). Die N-terminalen Domänen können verwendet werden um zwischen den
evolutionär konservierten NLR Klassen TNL (mit einer toll/interleucin-1 Rezeptor ho-
mologen (TIR) Domäne), CNL (mit einer superspiralisierten (coiled-coil, CC) Domäne),
und RNL (mit einer RPW8 Domäne) zu unterscheiden. Die Diversität der Domänen-
Architekturen wird von zusätzlich integrierten Domänen (IDs) noch erhöht. Diese kön-
nen an unterschiedlichen Stellen im Gen lokalisiert sein. Unterschiedliche Pflanzenarten
haben zwischen wenigen Dutzend und mehreren Hundert NLRs. Die intraspezifische
Diversität der R Gene ist ebenfalls hoch, und die wenigen bekannten NLRs die für
langfristige Resistenzen verantwortlich sind, sind oft spezifisch für einzelne Populatio-
nen der Art. Aktuelle intraspezifische NLR Studien weisen mehrere Mängel auf: Das
Pan-NLR-om (die Gesamtheit aller NLR Gene und Allele die in einer Spezies vorkom-
men) kann oft nicht umfassend beschrieben werden. Es werden zu wenige Populationen
analysiert und der Nachweis der NLRs wird eigentlich immer durch Referenzgenome
gelenkt, was das Finden neuer Gene und Allele erschwert. Zusätzlich dazu können
ungeeignete oder unausgereifte bioinformatische Analysepipelines NLRs während des
Assemblings oder der Annotationen übersehen, oder in fehlerhaften NLR Annotatio-
nen münden. Das Pan-NLR-om einer Pflanzenart zu kennen ist der Schlüssel um neue
resistente Pflanzen für die Zukunft zu erhalten. Ich habe eine umfangreiche und ver-
lässliche Datenbank erstellt, die das annähernd vollständige Pan-NLR-om der Mod-
ellpflanzenart Arabidopsis thaliana definiert. Der Fokus lag auf einem Set von 65 vari-
ablen Populationen und dem hochmodernen zielgerichteten Sequenzieren langer DNA
Sequenzen (SMRT RenSeq). Meine Analysepipeline wurde so entworfen, dass die opti-
mierten Methoden auch bei jedem anderen SMRT RenSeq Projekt angewendet werden
können. Im ersten Teil meiner Thesis lege ich Standards für die Qualitätskontrolle des
Assemblings der NLR-kodierenden genomischen Fragmente fest. Des weiteren stelle ich
eine neue und sorgfältige Annotationspipeline vor, die von gewissenhafter manueller
Reannotation unterstützt wird. Der zweite Teil der Thesis beschreibt das saturierte A.
thaliana Pan-NLR-om. Die intraspezifische Diversität der NLR Domänen-Architekturen
wird gezeigt und der Nutzen von neuen integrierten Domänen hervorgehoben. Der Kern
des NLR-oms wird definiert und es wird beschrieben, welche NLRs außerhalb des Kerns
Präsenz-Absenz Polymorphismen zeigen. Haplotyp-Sättigung wird gezeigt, Selektion-
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skräfte werden quantifiziert und evolutionär gekoppelte koevolvierende NLRs werden
detektiert. Die Ergebnisse der Methodenoptimierung zeigen, dass die Qualität eines
NLR Assemblings hauptsächlich von der Menge und der Qualität der Sequenzierdaten
abhängt. Des weiteren zeigen sie, dass manuelle Reannotation der automatisierten NLR
Vorhersage entscheidend ist, um die häufig vorkommenden Misannotationen zu verhin-
dern. Die Sättigung eines NLR-oms wurde bisher in keiner Pflanzenart gezeigt. Diese
Studie bietet daher einen neuartigen Blick auf die intraspezifische Varianz der NLRs, des
Kerns und der NLR Evolution. NLRs mit integrierte Domänen werden häufiger gefunden
als bisher bekannt, was eine zentrale Rolle dieser NLRs in der Interaktion von Pflanze und
Pathogen nahelegt. Diese Arbeit legt neue Standards für die Analyse von Genfamilien
einer Spezies fest. Zukünftige NLR-om Projekte von wichtigen Nutzpflanzen profitieren
von meinen Ergebnissen und der leicht adaptierbaren Analysepipeline. Letzendlich wird
dies unser Wissen über die intraspezifische NLR Diversität über die Grenzen weniger
Referenzspezies oder Genome hinweg erweitern. Das Auffinden von funktionierenden
aktiven NLRs zur Zucht resistenter Pflanzen wird so vereinfacht.
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1. Introduction
A substantial amount of the potential yield of crop plants is not realized due to disease.
Around 16% of the annual production is estimated to be lost due to infection with
fungi, oomycetes, and bacteria (Oerke 2006) (fig. 1.1 and fig. 1.2). This loss is globally
threatening the human food supply. Farmers often must fight yield losses with the
application of costly amounts of pesticides and by intensifying their production systems.
This drives the fast occurrence and spread of resistant pathogens, and threatens the
agricultural sustainability. A better and environmentally friendly way to control plant
pests and the associated yield loss is the breeding of resistant plant varieties. Growing
these plants increases the crop yield, reduces the need to apply chemical pesticides and
allows for a more sustainable use of the agricultural area. Resistant plants are searched
in wild populations or related species, and traditional breeding-based methods can be
used to introduce resistances into the high-yield domesticated crops.

A thorough understanding of the molecular basis of resistance is needed to create
long-term resistant crops. The genes that underlie the resistance and their mode of
action need to be identified. The strength of the effect, and the longevity need to be
evaluated. Influences on other important traits such as growth and yield need to be
taken into account, too. Especially in the light of a fast growing human population that
is ultimately depending on increasing amounts of plant food, it is crucial to understand
the molecular basis of this plant-pathogen fight. It is of utmost importance to be able
to detect successful defense strategies and use those to direct future breeding programs
of crops that are needed to secure our food supply.

1.1. The ‘zigzag’ model of plant-pathogen
interactions

Plants are equipped with a diverse set of defense reactions that are induced upon recog-
nition of a pathogenic thread. Those defense reactions are the result of an evolutionary
’arms-race’ that lead to the development of a complex innate immunity. According to
the ‘zigzag’ model proposed by Jones et al. (2006), pattern recognition receptors (PRRs)
that detect microbe- or pathogen associated molecular patterns (PAMPs) induce the first
line of a plant’s defense, termed PAMP-triggered immunity (PTI) (reviewed for example
in Bigeard et al. (2015), Gust et al. (2017), and Thomma et al. (2011)).
A highly conserved PAMP detected in plants is flagellin (Felix et al. 1999; Gómez-

Gómez et al. 2002), which is the major component of the flagellum of motile bacteria.
Another detected protein is the elongation factor thermo unstable (EF-Tu), one of the
most abundant and conserved proteins in prokaryotes. It is part of the translation
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Figure 1.1.: Wheat stem rust disease caused by Puccinia graminis
by Liang Qu/IAEA, licensed under CC BY 2.0 https://c1.staticflickr.com/3/2839/9685492848_33a85eb8a3_b.jpg

Figure 1.2.: Tomato late blight caused by Phytophthora infestans
by Scot Nelson https://upload.wikimedia.org/wikipedia/commons/e/e3/Tomato_late_blight_fruit_cluster_%285816739612%29.jpg
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1.1. The ‘zigzag’ model of plant-pathogen interactions

machinery of new proteins in the ribosome, where its major function is the transport
and the binding of aminoacyl-tRNA (aa-tRNA) to the ribosome. It was shown to be a
PAMP in Arabidopsis thaliana and other Brassicaceae (Kunze 2004). More information
about conserved microbe-derived peptides can be found in the review from Albert (2013).

Cell wall components have also been reported to act as PAMPs. In bacteria, pepti-
doglycan forms a mesh-like structure in the cell walls of both gram-negative and gram-
positive bacteria. It was shown to elicit immune responses in A. thaliana (Erbs et al.
2008; Liu et al. 2014). Lipopolysacharide is found in the outer membrane of gram-
negative bacteria restricting membrane permeability. Dow et al. (2000) review its role
in plant pathogenesis and resistance. Chitin is a fungal cell wall component that was
shown to induce immune responses upon perception in tomato (Felix et al. 1993). Glu-
can is part of the cell walls of fungi and oomycetes. It is recognized for example in
tobacco (Klarzynski et al. 2000), rice, and soybean (Yamaguchi et al. 2000).

Because PAMPs are typically widespread in pathogen species, PTI protects against
many different pathogens, conferring broad-spectrum resistance. PTI results in the acti-
vation of various defense responses intended to restrict pathogen access and multiplica-
tion. An example of a strategy that restricts pathogen access to the plant’s intracellular
space is stomata closure. Stomata are pores mainly found in plant leafs, needed for gas
exchange between the plant and its surrounding. In an open state, they provide an easy
entry site for pathogens and PTI triggers stomata closure (reviewed in Melotto et al.
(2008) and Sawinski et al. (2013)).

Pathogen multiplication is for example hindered by lowering the nutrient supply in
the apoplast. Microbes use nutrients involuntarily provided by the plant host (Chen
et al. 2010a). Upon silencing of squalene synthase (SQS), Wang et al. (2012) showed
increased nutrient efflux into the apoplast when infecting Nicotiana benthamiana with
Pseudomonas syringae and Xanthomonas campestris . In the wild type plant, PTI sup-
pressed microbial proliferation by decreasing the transport of nutrients into the apoplast.
Other strategies that limit pathogen proliferation employ by-products of the plant

metabolism. Plants normally produce low levels of deleterious reactive oxygen species
(ROS) as by-products of the normal oxygen metabolism. Among others, drought, salt-
stress, and nutrient deficiency can induce the production of ROS, leading to oxidative
stress and significant damage of the plant’s cells. Plants also induce the production of
ROS as a result to pathogen invasion. This reactive burst is part of the PTI and the
toxic features of the reactive oxygen species are helping to remove the pathogenic thread
(reviewed in O’Brien et al. (2012)).
PTI also includes the production of phytoalexins. Phytoalexins are antimicrobial sec-

ondary metabolites damaging the cell membranes of both bacteria (Rogers et al. 1996)
and fungi (Joubert et al. 2011). In A. thaliana, the most prevalent phytoalexin is ca-
malexin, which plays a role in resistance to several necrotrophic fungi, to hemibiotrophic
oomycetes and fungi, and to powdery mildews (reviewed in Ahuja et al. (2012)). A vari-
ety of other defense-related proteins/peptides have been described and are classified into
several families of pathogenesis-related proteins (PRs) (reviewed in Loon et al. (2006)).
Pathogens in turn have evolved mechanisms to suppress PTI. They secrete effector

proteins into the plant’s cells which interfere with PTI-related defense responses. The
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bacterial effector Effector protein HopM1 (HopM1) for example actively suppresses the
oxidative burst and the stomata closure in Arabidopsis and N. benthamiana (Lozano-
Durán et al. 2014). Another effector, the P. syringae protein HopAI1, suppresses the
oxidative burst, callose deposition and gene expression that is induced upon recognition
of flagellin in Arabidopsis (Zhang et al. 2007).
A second line of defense is therefore formed by resistance (R) proteins that are acti-

vated by those pathogenic effectors. R proteins induce the effector-triggered immunity
(ETI), which often results in a hypersensitive response (HR) leading to programmed
local cell death, restricting pathogenic infections to only a small part of the plant (Jones
et al. 2006). R proteins are discussed in detail in section 1.2, focusing on their structural
composition (section 1.2.1), function (section 1.2.2) and the current knowledge in dif-
ferent species and populations (section 1.3). As the result of an evolutionary arms race
between pathogen and plant, effectors are selected for that evade or suppress recognition
and ETI. Plant R proteins in turn evolve to overcome those effects and rescue ETI.
The zigzag model has been subject to refinements and extensions and the strict divi-

sion between PTI and ETI has been shown to be too simplistic (reviewed in Leibman-
Markus et al. (2018), Pritchard et al. (2014), and Thomma et al. (2011)). In addition to
PAMPs, plants can detect signals from damage associated molecular patterns (DAMPs),
molecules from the plant itself that have been changed as a result of the damage caused
by pathogens (reviewed in Boller et al. (2009) and Gust et al. (2017)). Cell wall frag-
ments like oligogalaturonides are DAMPs released during microbial infection. They are
known to induce PTI responses like the accumulation of phytoalexins, ROS, and others
(reviewed in Ferrari (2013)). Cutin is a component of the plant’s cuticle that can be
split into monomers by fungal enzymes. These monomers are DAMPs that have been
shown to induce ROS in cucumber (Fauth et al. 1998). Other known DAMPs include
extracellular adenosinetriphosphate (ATP), green leaf volatiles, and several proteins and
peptides (Boller et al. 2009; Gust et al. 2017).
In the classical view promoted by the zigzag model, PAMPs are broadly conserved

patterns that are important for the pathogen’s fitness. They are detected by PRRs,
ancient cell surface receptors that are shared between several plant species. Effectors
are narrowly occurring only in some species or strains, and are important for pathogen
virulence. Effectors are detected from intracellular R proteins that are relatively young.
New effectors and R proteins continuously evolve due to an evolutionary arms race
between plant and pathogen.
Thomma et al. (2011) argue against the strict division between ETI and PTI and

convincingly lay out a variety of examples that show deviations from the classical view.
They report conserved effectors and narrowly distributed PAMPs. The cytotoxic necrosis
and ethylene-inducing peptide 1-like protein (NLP) effectors for example induce necrotic
cell death and various other immune responses (Albert et al. 2015; Böhm et al. 2014;
Qutob et al. 2006). They are conserved and widespread among fungi, oomycetes, and
bacteria. In contrast, the PAMP Pep-13 is only conserved in Phytophtora (Brunner
et al. 2002). Some PAMPs or epitopes of the same PAMP, are only detected in certain
plant species. The flagellin-derived epitope flg15 for example, is highly active in tomato,
but not in Arabidopsis or N. benthamiana (Meindl et al. 2000; Robatzek et al. 2007).
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TIR
CC

RPW8

NB LRR ID

Figure 1.3.: A generic NLR
An NLR typically contains a TIR, CC, or RPW8 domain at its N-terminus, followed by
the central NB domain and one or several LRRs. Integrated domains (IDs) might be
found at the C-terminus, can also be found at the N-terminus, and more rarely occur
between the three canonical domains.

This also suggests that the corresponding PRR is relatively young. Conversely, the
R gene Verticillium wilt disease resistance gene (Ve1), mediates resistance in the two
fungal species Verticillium dahliae and Verticillium albo-atrum suggesting a conserved
PAMP-like elicitor and PRR-like function of Ve1 (reviewed in Thomma et al. (2011)).

In addition to the increasingly blurry distinction between PAMPs and effectors, PRRs
and R proteins, other elements of the zigzag model have been shown to be incomplete.
Some PAMPs are reported to be important for the pathogen’s virulence in addition to
their contribution to microbial fitness. The model also does not include other resistance-
shaping events (Pritchard et al. 2014) like environmental factors that may have changed
the plant’s alertness (e.g. drought, prior exposure to pathogens). Nonetheless, the model
provides a good conceptual view of how plants and pathogens interact. Researchers can
use the zigzag model as a backbone when asking questions and stay open to extensions
and refinements when answering them.

1.2. Nucleotide-binding and leucine-rich repeat
containing genes

Among all currently cloned genes acting in PTI or ETI, 61% are nucleotide-binding
and leucine-rich repeat containing genes (NLRs) (Kourelis et al. 2018), which are pre-
dominantly responsible for effector detection and signal transduction in ETI. A plant
species might contain several hundred NLRs (Shao et al. 2016). NLRs typically contain
a central nucleotide-binding (NB) domain and multiple leucine-rich repeats (LRRs) at
their C-terminal end. NLRs are classified into three anciently diverged classes by the
occurrence of additional N-terminal domains (Shao et al. 2016, 2014; Zhang et al. 2016).
TIR-domain containing NLRs (TNLs) possess an additional toll/interleukin-1 receptor
homology (TIR) domain, CC-containing NLRs (CNLs) contain coiled-coils (CCs), and
RPW8-containing NLRs (RNLs) contain a powdery mildew resistance protein, RPW8
domain (RPW8). Truncated NLRs, whose domains deviate from the typical structural
arrangement are widespread (reviewed in Jacob et al. 2013). They may lack the N-
terminal domains, the C-terminal LRRs, or even the central NB domain.
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Truncated NLRs might still be functional and involved in disease resistance. The
A. thaliana proteins Resistance to Powdery Mildew 8.1 (RPW8.1) and Resistance to
Powdery Mildew 8.2 (RPW8.2) only contain the RPW8 domain and signatures of CCs.
They control resistance to a broad spectrum of powdery mildew pathogens (Xiao et al.
2001). The NLR Response to the bacterial type III effector protein HopBA1 (RBA1)
(also from A. thaliana) contains only a TIR domain and is sufficient to trigger cell death
in response to the P. syringae effector protein Type III effector HopBA1 (HopBA1)
(Nishimura et al. 2017). In addition to the canonical domain set (NB, TIR, CC, RPW8,
LRR), NLRs may contain other integrated domains (IDs) with important functions in
disease resistance (discussed in section 1.2.2).

1.2.1. Domains

Without a pathogenic trigger, NLRs are normally kept in an ‘off-state’ mediated by the
conserved central NB domain. Mutations in the NB domain, e.g. in the conserved p-loop
or methionine-histidine-aspartate (MHD) motif can result in loss of function or autoac-
tivity (Bendahmane et al. 2002; Williams et al. 2011). The binding of adenosinediphos-
phate (ADP) is thought to secure a closed conformation that prevents signaling, whereas
upon pathogen recognition, ATP replaces ADP, which puts the NLR into an active ‘on-
state’ that allows signaling. Evidence for this model was found in a study of the flax
rust resistance protein M (M) (Williams et al. 2011). It was shown that autoactivity of
M was caused by a mutated MHD motif in the NB domain, which led to preferential
binding of ATP.
It is currently proposed that the N-terminal TIR and CC domains act mainly as

signaling and oligomerization elements. The CC domain of the Barley MLA10 resistance
protein for example forms homodimers in solution and is sufficient for triggering cell
death (Maekawa et al. 2011). The TIR domain of the flax L6 resistance protein (L6)
self-associates in vitro and forms an autoactive complex (Bernoux et al. 2011). Given
that the full L6 protein does not form a complex in vivo, activation by a pathogen
effector might be needed for self-association of this NLR. Heterodimerizing NLRs are
also known. In A. thaliana for example, the TIR domains of the two NLRs Recognition
of Ralstonia solanacearum 1 (RRS1) and Resistance to Pseudomonas syringae 4 (RPS4)
form a heterodimeric complex that is required to suppress effector-independent defense
signaling of RPS4 (Williams et al. 2014).
The LRR domain is known to inhibit NLR autoactivity and to be involved in ef-

fector recognition. The first four LRR repeats of the A. thaliana NLR Resistance to
Pseudomonas syringae 5 (RPS5) inhibit autoactivation in the absence of a pathogenic
thread, and the full LRR domain is needed for effector recognition (Qi et al. 2012). Also
in A. thaliana, the LRR of Recognition of Peronospora parasitica 1 (RPP1) mediates
the interaction with its corresponding effector A. thaliana Recognized 1 (ATR1) from
Hyaloperonospora arabidopsidis (Krasileva et al. 2010) and the hypersensitive response
depends on the TIR domain, in concordance with the reported signaling function of this
N-terminal domain.
It is not clear yet, how the RPW8 domain is involved in NLR-mediated resistance. As
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already described, the A. thaliana NLRs RPW8.1 and RPW8.2 are resistance genes only
containing the RPW8 domain. They induce localized defense responses when confronted
with powdery mildew (Xiao et al. 2005, 2001). RPW8-containing NLRs are known
to function as ‘helpers’, genes necessary for the activation of defense responses after
effector-recognition by other ‘sensor’ NLRs. In N. benthamiana, the RPW8-containing
N requirement protein 1 (NRG1) is needed for signal transduction upon recognition of
the tobacco mosaic virus (TMV) by the NLR tobacco mosaic virus resistance protein N
(N) (Peart et al. 2005). The A. thaliana ADR clade contains Activated disease resis-
tance 1 (ADR1), ADR1-L1, and ADR1-L2 which code for an N-terminal RPW8 domain
and the central NB domain. They are helpers regulating the accumulation of the de-
fense hormone salicylic acid downstream of effector recognition by several other NLRs
(Bonardi et al. 2011). Importantly, mutations in the p-loop of the NB domain do not
alter the function of ADR1-L2, suggesting that the activation differs from typical TNLs
and CNLs, and instead is specific to RNLs. NRG1 -like and ADR1 -like genes are present
in many higher plants, suggesting a common and conserved biological function (Collier
et al. 2011). Recently, RNLs have been hypothesized as signaling hubs in immune re-
ceptor networks, which enhance the evolvability of sensor NLRs, and at the same time
provide robustness by using conserved sets of signaling elements (Wu et al. 2018).

1.2.2. NLR activation

Diverse NLR activation modes are known. NLRs can be activated by effectors via direct
or indirect interaction. In A. thaliana, the resistance protein RPP1 associates directly
with the ATR1 effector from H. arabidopsidis (Krasileva et al. 2010). The effector is
recognized by the LRR region of RPP1, and the NB domain is needed for activation
(Goritschnig et al. 2016; Steinbrenner et al. 2015). In Linum usitatissimum, the NLRs
flax L5 resistance protein (L5), L6, and flax L7 resistance protein (L7) directly recognize
the Avirulence protein AvrL567 (AvrL567) from the flax rust fungus (Melampsora lini).
The recognition specificity for different AvrL567 variants lies within the LRR regions
(Ravensdale et al. 2012). Other direct interactions have been found for example in rice
(Jia et al. 2000; Maqbool et al. 2015), tobacco (Ueda et al. 2006), potato (Chen et al.
2012), and apple (Meng et al. 2018).
NLRs can detect effector presence indirectly by monitoring other host proteins which

are important for the plant’s immune response. The NLR guard senses either the binding
of an effector to the guardee, or effector-induced modifications. The A. thaliana NLR
RPS5 detects the cleavage of its guardee AVRPPHB Susceptible1 (PBS1) by the P.
syringae effector Avirulence protein Pseudomonas phaseolicolaB (AvrPphB) (Qi et al.
2014).
Some proteins - deemed decoys - mimic effector targets. They are guarded by NLRs

which induce ETI upon recognition of effector-induced changes in the decoy. The X.
campestris Type III effector AvrAC (AvrAC) induces molecular changes in the decoy
protein Probable serine/threonine-protein kinase PBL2 (PBL2) of A. thaliana. The
change is perceived by the NLR HopZ-activated resistance 1 (ZAR1) via the intermedi-
ate adapter protein G-type lectin S-receptor-like serine/threonine-protein kinase RKS1
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(RKS1) (Wang et al. 2015). Also in A. thaliana, the NLR Resistance to Pseudomonas sy-
ringae pv. maculicola 1 (RPM1) guards the RPM1-interacting decoy RPM1-interacting
protein 4 (RIN4) (Li et al. 2014a; Mackey et al. 2002, reviewed in Kourelis et al. 2018).
Conformational changes of RIN4 are caused by the Avirulence protein B (AvrB) and
Type III effector AvrRpm1 (AvrRpm1) of P. syringae and are sensed by RPM1, which
induces immune responses (Li et al. 2014a). However, both for RIN4, and for PBL2,
research suggested a role in PTI (Kim et al. 2005; Lee et al. 2015; Zhang et al. 2010a),
so they might not be real decoys. Other examples for decoys have been found in A.
thaliana (Zhang et al. 2012) and in tomato (Ntoukakis et al. 2013).

The guard model proposes that NLRs guard important proteins that may be targeted
by several pathogens and thus explains how a relatively small set of NLRs can fight the
tremendous amount of diverse pathogens that attack plants (Dangl et al. 2001). The A.
thaliana NLR ZAR1 not only recognizes AvrAC via the decoy PBL2 (Wang et al. 2015),
but also recognizes the P. syringae Type III effector HopF2a (HopF2a) (Seto et al. 2017)
and Type III effector HopZ1a (HopZ1a) (Lewis et al. 2010).

NLRs may contain integrated domains - putative decoys for effector targets - in addi-
tion to the canonical domain set (Bailey et al. 2018; Cesari et al. 2014; Kroj et al. 2016;
Sarris et al. 2016; Wu et al. 2015). They are thought to have occurred via the dupli-
cation of effector target proteins followed by integration into an NLR gene. How they
are involved in immunity, and if they act as decoys or retained their original function
remains unclear (Kourelis et al. 2018; Sarris et al. 2016; Wu et al. 2015) and needs to be
tested for each gene individually. Integrated domains with known effector recognition
capability are known from the A. thaliana TNL RRS1 (Le Roux et al. 2015; Sarris et al.
2015) and the rice CNLs Disease resistance gene RGA5 (RGA5) (Cesari et al. 2013;
Ortiz et al. 2017) and Rice blast resistance gene Pik (Pik) (Maqbool et al. 2015). RRS1
contains a WRKY domain (WRKY) that can directly bind to the P. syringae Type
III effector AvrRps4 (AvrRps4) (Sarris et al. 2015). The WRKY domain can also be
acetylated by the Ralstonia solanacearum Type III effector PopP2 (PopP2) (Le Roux
et al. 2015). The direct interaction with the effector AvrRps4 triggers immune responses
depending on the NLR RPS4. The acetylation by PopP2 prevents recognition of Avr-
Rps4 in the accession Col-0, but not in Nd-1 and Ws-2 (Le Roux et al. 2015; Sarris
et al. 2015). RGA5 and Pik both contain an integrated heavy-metal-associated domain
(HMA) (Cesari et al. 2013; Maqbool et al. 2015; Ortiz et al. 2017). RGA5 directly
binds to the Magnaporthe oryzae effectors Antivirulence protein Avr-Pia (Avr-Pia) and
Avirulence protein Avr-CO39 (Avr-CO39) and the immune response is mediated via the
NLR Disease resistance protein RGA4 (RGA4). Pik directly recognizes Antivirulence
protein Avr-Pik (Avr-Pik) (also from M. oryzae) and the immune response is depending
additionally on the NLR Rice blast resistance protein Pik-2 (Pik-2).

All three known NLRs with effector-recognizing integrated domains are genomically
paired with the respective canonical NLR needed for signal transduction. Genomically
paired NLRs are frequent in plants (Kroj et al. 2016; Narusaka et al. 2009; Stein et
al. 2018) and are hypothesized to be also functional pairs, especially when found in
head-to-head orientation.
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1.3. Species- and population-wide analyses of NLRs

While functional analyses elucidate individual NLR-pathogen interactions, large-scale
comparisons between or within species allow characterizing NLR complements, diversity
and evolution.

1.3.1. Interspecific NLR studies

The total number of reported NLRs fluctuates highly between different plants (Shao
et al. 2016; Zhang et al. 2016). Around 155 NLRs are reported in A. thaliana (149 in
Meyers et al. (2003), 159 in Guo et al. (2011)), while important crop plants like tomato
(355 NLRs, Andolfo et al. (2014)), potato (438 NLRs, Jupe et al. (2012)), and rice (508
NLRs in Li et al. (2010a), 535 NLRs in Stein et al. (2018)) contain up to three times
as many NLRs. NLR numbers must not be confused with defense capability. Cucumis
sativus for example contains 57 NLRs (Wan et al. 2013) and the NLR complement of
Carica papaya contains only 54 genes (Porter et al. 2009).
Studies with overlapping species sets almost always report varying NLR numbers.

Genomes are often first published in a draft state and are updated when new data allows
for significant improvements in completeness and continuity. NLRs often sit in genomic
regions that are hard-to assemble and result in non-continuous draft assemblies. A new
and improved version of a species’ genome thus often changes the view of the species’
NLR complement. In addition, annotation methods can differ greatly since there is no
standard gene annotation pipeline in the field and there is also no universally accepted
consensus about which domains need to be present to define an NLR. All reported NLR
gene numbers thus have to be seen in the light of the applied methods and input datasets.
A survey of NLR gene numbers in 22 angiosperm species (for phylogenetic relations see
fig. 1.4) comparing the results from 12 different papers is given in table 1.1. The species
set is drawn from Shao et al. (2016), who analyzed evolutionary patterns and defined
three anciently diverged NLR classes (TNLs, CNLs, and RNLs) in those angiosperms.
The NLR numbers are compared to 11 other papers (publication dates ranging from 2003
to 2016). The reported range might guide an estimation of the actual NLR complement
of each species. A bigger NLR survey including more species and papers can be found
in table A.3.

Not only the total number of NLR genes shows a high variability, but also their
distribution in the three anciently diverged classes TNLs, CNLs, and RNLs (Gao et al.
2018; Shao et al. 2016). TNLs are expanded in the Brassicaceae, but vanished completely
from the Poaceae (Shao et al. 2016; Yue et al. 2012). CNLs are the ancestral NLR class
and dominate in many plants, and RNLs are a basal monophyletic group that is present
with rather low numbers in plant genomes (Gao et al. 2018; Shao et al. 2016). Expansions
and contractions influenced the establishment of the NLR complements (Shao et al. 2016;
Yue et al. 2012; Zhang et al. 2014; Zheng et al. 2016) via tandem duplication, ectopic
and segmental duplication, as well as polyploidization and gene losses (Guo et al. 2011;
Hofberger et al. 2014; Leister 2004; Plomion et al. 2018; Zhang et al. 2014; Zheng et
al. 2016). Transposable elements (TEs) are often associated to NLR loci and may be
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Table 1.1.: NLR complements of 22 Angiosperms
Survey of known NLR gene complements for 22 angiosperm species analyzed in Shao
et al. (2016). NLR numbers from 12 papers are reported: Shao et al. (2016) (1), Zhang
et al. (2016) (2), Zheng et al. (2016) (3), Sarris et al. (2016) (4), Shao et al. (2014) (5),
Peele et al. (2014) (6), Yu et al. (2014) (7), Andolfo et al. (2014) (8), Kim et al. (2012)
(9), Jupe et al. (2012) (10), Guo et al. (2011) (11), Meyers et al. (2003) (12). For an
extended list of analyzed species see table A.3.

Species NLRs Ref. Species NLRs Ref.
Amborella trichopoda 105 1 Medicago truncatula 571 5
Amborella trichopoda 88 2 Medicago truncatula 571 1
Arabidopsis lyrata 241 9 Medicago truncatula 771 2
Arabidopsis lyrata 134 6 Medicago truncatula 770 3
Arabidopsis lyrata 204 4 Musa acuminata 111 1
Arabidopsis lyrata 198 1 Musa acuminata 105 2
Arabidopsis lyrata 202 2 Oryza sativa 595 4
Arabidopsis lyrata 185 11 Oryza sativa 498 1
Arabidopsis thaliana 238 9 Oryza sativa 470 2
Arabidopsis thaliana 135 6 Oryza sativa indica 616 9
Arabidopsis thaliana 165 1 Oryza sativa japonica 578 9
Arabidopsis thaliana 213 7 Phaseolus vulgaris 406 4
Arabidopsis thaliana 168 2 Phaseolus vulgaris 337 5
Arabidopsis thaliana 213 4 Phaseolus vulgaris 337 1
Arabidopsis thaliana 149 12 Phaseolus vulgaris 334 2
Arabidopsis thaliana 149 11 Phaseolus vulgaris 359 3
Brachypodium distachyon 185 9 Phyllostachys heterocycla 344 1
Brachypodium distachyon 501 4 Sesamum indicum 170 1
Brachypodium distachyon 253 1 Setaria italica 470 4
Brachypodium distachyon 327 2 Setaria italica 424 1
Brassica rapa 204 1 Setaria italica 380 2
Brassica rapa 248 7 Solanum lycopersicum 264 4
Brassica rapa 151 6 Solanum lycopersicum 255 1
Brassica rapa 207 4 Solanum lycopersicum 223 2
Brassica rapa 196 2 Solanum lycopersicum 355 8
Cajanus cajan 256 2 Solanum tuberosum 543 4
Cajanus cajan 289 5 Solanum tuberosum 447 1
Cajanus cajan 289 1 Solanum tuberosum 355 2
Cajanus cajan 815 3 Solanum tuberosum 438 10
Capsella rubella 75 6 Sorghum bicolor 317 9
Capsella rubella 152 4 Sorghum bicolor 422 4
Capsella rubella 127 1 Sorghum bicolor 326 1
Capsella rubella 131 2 Sorghum bicolor 310 2
Capsicum annuum 305 1 Thellungiella salsuginea 88 1
Capsicum annuum 661 2 Vitis vinifera 590 9
Glycine max 325 9 Vitis vinifera 323 4
Glycine max 784 4 Vitis vinifera 545 7
Glycine max 465 5 Vitis vinifera 295 2
Glycine max 465 1 Vitis vinifera 314 1
Glycine max 442 2 Vitis vinifera 754 3
Glycine max 744 3 Zea mays 122 9
Medicago truncatula 668 9 Zea mays 191 4
Medicago truncatula 1074 4 Zea mays 139 1
Medicago truncatula 753 7 Zea mays 129 2
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Amborella trichopoda
Arabidopsis lyrata
Arabidopsis thaliana
Capsella rubella
Brassica rapa
Thellungiella salsuginea
Cajanus cajan
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Phaseolus vulgaris
Medicago truncatula
Vitis vinifera
Solanum tuberosum
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Capsicum annuum
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Figure 1.4.: Phylogeny of 22 angiosperms
Visualization of the phylogeny of angiosperm species analyzed in Shao et al. (2016) and
surveyed in table 1.1. Phylogeny and tree visualization are based on TimeTree (Kumar
et al. 2017, Setaria italica is not in the database and thus excluded).

involved in NLR duplication or transposition, too (Henk et al. 1999; Kawakatsu et al.
2016; Kim et al. 2017).

Interspecific comparisons of the NLR complements from 22 angiosperm species re-
sulted in the phylogenetic reconstruction of a set of only 23 ancestral NLR genes from
the three classes TNL, CNL, and RNL (Shao et al. 2016). Going even further back,
the origin and early diversification has been tackled recently (Gao et al. 2018, reviewed
in Ortiz et al. 2018) and it has been shown that NLRs likely first appeared in the
charophytes (Gao et al. 2018).

1.3.2. Intraspecific NLR studies

Different populations can respond with contrasting phenotypes to the same pathogen.
The reason for those differences are genetic and novel sources of disease resistance can
be discovered by defining the responsible NLRs. Presence/Absence polymorphisms of
RPM1, for example explain the resistance or susceptibility of A. thaliana to the P. sy-
ringae pv. tomato DC3000 carrying AvrRpm1 (Grant et al. 1998). Allelic diversity at
the RRS1 locus in A. thaliana justifies why Nd-1 is resistant and a Col-0 derivative is sus-
ceptible to R. solanacearum (Deslandes et al. 2003). Similarly, allelic diversity between
the accessions Ag-0 and Col-0 at the RBA1 locus explains the resistance/susceptibility
phenotype to P. syringae carrying HopBA1 (Nishimura et al. 2017).
Intraspecific population-based studies have the potential to increase the resolution

of NLR variation beyond what is known from reference genomes. This was addressed
recently in a study of nine Brassica oleracea varieties (Golicz et al. 2016). More than
40% of the NLR genes that differed between the tested varieties were found in the
non-reference aligned and de novo assembled portion of the pan genome. A similar
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observation was made using different accessions of the model crucifer A. thaliana. NLR-
containing fragments did not align completely to the reference (Cao et al. 2011). More
evidence for the shortcoming of reference-centered NLR analyses in A. thaliana comes
from the Dangerous mix 2 (DM2) cluster, which contains two RPP1-like genes in Col-0,
and up to seven in Ler (Chae et al. 2014; Stuttmann et al. 2016).
Population-based studies revealed allelic and structural variation (SV) of NLRs.

Among the most prominent findings were presence absence variation (PAV) and copy
number variation (CNV). A genome-wide comparison of NLRs from 80 A. thaliana
accessions showed more PAV in NLRs than in the genomic average, and PAV being
more often found in clustered NLRs than in singletons (Guo et al. 2011). A study in rice
(Yang et al. 2006) also reported variation mainly in clustered NLRs. CNV was found for
33% of the A. thaliana NLRs compared to 12.5% in the remaining genome (Guo et al.
2011). NLRs were enriched in genes showing SV in A. thaliana (Kawakatsu et al. 2016)
and in genes showing CNV in Glycine soja (Li et al. 2014b), and several genes related
to disease resistance were found in PAV genes in B. oleracea (Golicz et al. 2016). Allelic
variation is reflected in many different haplotypes that are found across NLR loci, e.g.
in A. thaliana (Cao et al. 2011) or Malus domestica (Duan et al. 2017). Some NLRs
in A. thaliana are recombination hotspots with increased meiotic crossovers (Choi et al.
2016), or have revealed allelic series (Rose et al. 2004).
Consistent with these findings, signs for balancing selection were found e.g. in A.

thaliana (Noel 1999; Tian et al. 2002). A study of the LRR domains of 27 NLRs in
96 A. thaliana accessions demonstrated evidence of balancing selection for some NLRs
including Resistance to Peronospora parasitica 13 (RPP13), and provided evidence for
selective and partial selective sweeps (Bakker et al. 2006). Especially prone for diver-
sifying selection is the LRR domain of NLR genes (Bakker et al. 2006; Chen et al.
2010b; Kuang et al. 2004; Mondragón-Palomino et al. 2002) in concordance with its
suggested role in effector recognition. Intraspecific studies found signs for purifying se-
lection in NLR genes, too. Purifying selection dominated in an evolutionary analysis of
five Rosaceae species (Zhong et al. 2015) and in the legume family (Zheng et al. 2016),
and was found for some NLRs in A. thaliana (Bakker et al. 2006) and Lactuca sativa
(Kuang et al. 2004). Different evolutionary trajectories have been found for NLR genes,
diversifying and purifying selection as well as balancing selection reflect the past and
ongoing struggle between plants and pathogens (reviewed in Jacob et al. 2013; McDowell
et al. 2006).

1.4. Technological limitations

As discussed above, many valuable findings were drawn from population based studies in
several plant species. Still, the number of those studies is scarce compared to the many
published interspecific comparisons which focus on one reference per species. Population-
based studies of the whole pan-NLR’ome of a species are even rarer. Studies often focused
only on a specific part of the NLR complement, not necessarily on the complete genes
(Bakker et al. 2006), or used only a limited number of accessions (Golicz et al. 2016;
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Stam et al. 2016; Zhang et al. 2010b) that did not cover the species’ diversity and thus
could not provide a comprehensive overview of the pan-NLR’ome, either.

1.4.1. Next generation short read sequencing with Illumina

A short introduction into next generation short read sequencing is needed to understand
the limits of population-based NLR studies and possible solutions. In 2015, up to 90% of
the world’s sequencing data were produced with Illumina’s next generation sequencing by
synthesis (SBS) method (Illumina 2015), and the trend is rising. The advantages of SBS
are the high amounts of sequencing data that can be produced by parallel sequencing
and the price, which is cheap compared to the first generation sequencing methods like
Sanger. Sequenced reads can be up to 300 bp long (MiSeq machine).
The method detects single bases as they are incorporated into an extending desoxyri-

bonucleic acid (DNA) strand. A library of DNA fragments is bound to the lanes in a
flow cell and each fragment is clonally amplified to form a cluster of identical pieces of
DNA. For each single stranded DNA cluster, the complementary strand is synthesized
in a controlled base-per-base manner. In repeated synthesis cycles, all four nucleotides
tagged with different fluorescent dyes are competing to be added to the extending com-
plementary DNA strand. The correct nucleotide is determined by the sequence of the
template cluster and is covalently bound to extend the synthesized DNA. After the bind-
ing, the flourescent signal which reflects the incorporated base is detected. The number
of cycles with nucleotide binding and flourescence detection determines the length and
the sequence of the synthesized DNA read. Upon completion of sequencing the first
read, the method allows for sequencing a second read starting from the other end of the
clustered DNA template. SBS creates millions of reads representing all the fragments of
the input DNA library.
Even though the sequencing accuracy at every position is very high (less than 1%

error, Quail et al. (2012) and Schirmer et al. (2016)), sequencing errors scale with the
size of the sequenced genome or genomic proportion. If sequenced only once, these errors
cannot be distinguished from true single nucleotide polymorphisms (SNPs) or hinder the
correct positioning of reads in the genome. Sequencing the same input DNA several times
increases the coverage (or read depth), and can resolve the problem. Each position in
the input DNA is then covered by several independently created reads, compensating
the small amount of errors that should occur randomly in the genome.
Depending on the underlying research question, the sequenced reads can be mapped

back to a known reference genome, or can be assembled de novo without the need of
further genomic information.

1.4.2. Limitations of short read based NLR studies

The NLR’ome of a plant contains many clustered NLRs with high copy numbers and
highly repetitive coding sequences, especially in tandem repeats. The correct assembly of
those NLR clusters can be hampered in short-read based assemblies (Witek et al. 2016a).
In regions containing highly similar NLRs, short reads sometimes do not provide enough
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SNP information to distinguish between neighboring genes. As a result, the assembly
contains one gene representing several or all NLRs from the cluster. Increasing the read
depth may rescue some of the incorrect merges of repetitive NLRs, but especially in
larger genomes, this comes with a significant cost increase. In addition, other genomic
features like transposable elements or repetitive elements are known to be found in close
proximity to NLRs or in their introns (Henk et al. 1999; Kim et al. 2017). These further
hinder the correct assembly of NLR genes when using short reads. With a fixed budget,
cost-benefit calculations determine if a project profits more from focusing on a correct
assembly, or from including a bigger number of accessions.

1.5. Technological innovations

Today, pan-NLR’ome studies can benefit from technological and methodological ad-
vances. Sequencing methods are continuously being developed further especially focused
on increasing the read length (section 1.5.2). Elaborate filtering of genomic DNA prior
to library preparation, allows for targeted sequencing of genomic subsets, e.g. NLRs
(section 1.5.1).

1.5.1. Resistance gene enrichment sequencing (RenSeq)

Instead of sequencing the full genome of each accession, resistance gene enrichment
sequencing (RenSeq) (Jupe et al. 2014) focuses on the NLR containing subset of the
genome. This simplifies the assembly task by reducing the size and the complexity of
the genomic sequence that needs to be assembled, and provides a high read-depth (Gasc
et al. 2016; Jupe et al. 2013) for the NLR gene complement. RenSeq uses custom sets
of short (120 bp) biotinylated ribonucleid acid (RNA) baits created from known NLR
genes in plants related to the study target. The baits have the capacity to bind to
DNA fragments with at least 80% sequence identity (Jupe et al. 2013), which allows to
capture the unknown NLR complement in the targeted plant’s genome. The workflow
is shown in fig. 1.5. A library of single stranded DNA is mixed with the biotinylated
baits. The baits bind to DNA fragments containing NLRs. The DNA-bait complex is
captured by magnetic beads, which allows separation of the NLR-containing DNA from
the rest using simple magnetic force. Beads and baits are then removed. The captured
fragments are multiplied by polymerase chain reaction (PCR) prior to sequencing, which
provides the desired high coverage. RenSeq has first been successfully applied to the
NLR’ome of Solanum tuberosum (Jupe et al. 2013), increasing the number of known
potato NLRs from 438 to 755. In Solanum lycopersicum, RenSeq was used to identify
105 novel NLRs, and 126 NLRs were found new in Solanum pimpinellifolium (Andolfo
et al. 2014). In addition, 25% of the previously described tomato NLR complement
could be corrected (Andolfo et al. 2014). Stam et al. (2016) used RenSeq to analyze
polymorphisms and evolutionary pressures in the wild tomato species Solanum pennellii
and found 13 NLRs at which polymorphisms were maintained in the population. It was
also used to identify molecular markers that co-segregate with resistance to Phytophtora

14



1.5. Technological innovations

+

+

+

UU

U U UU

U U

UU

U U

U
UU

U UUU

U U

UU

U UUU

U U

hybridize

capture

recover &
amplify

sequence

baits

non-target

target

bead

Figure 1.5.: Resistance gene enrichment sequencing (RenSeq) workflow
A single stranded DNA library containing adapters (black), non-target regions (blue),
and target regions (orange), is mixed with the bait set (green). The baits hybridize with
target regions. Target-bait complexes can be captured and recovered with magnetic
beads and are amplified prior to sequencing, here exemplified with PacBio’s Sequel
machine.

infestans in species without an available reference genome (Jupe et al. 2013). Diagnostic
RenSeq (dRenSeq) can be used to identify functional NLRs and validate their sequence.
It was applied in Van Weymers et al. (2016) to identify a resistance gene against P.
infestans in the wild potato Solanum okadae. It was used in Jiang et al. (2018) to
further specify field resistance against P. infestans from the known quantitative trait
loci (QTL) dPI09c to the NLR R8 late blight resistance gene (R8). Armstrong et al.
(2018) provide evidence that dRenSeq can generally be used to identify known functional
NLRs to several pathogens in potato varieties. Compared to whole genome sequencing
(WGS), RenSeq cost-efficiently provides the high read-depth needed to detect integrity
or SNPs, also in the surrounding regions.
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Figure 1.6.: Circular Consensus Sequencing (CCS)
Scheme of circular consensus sequencing (CCS). The double stranded template is shown.
The forward read 1 (orange) and the reverse read 2 (blue) are connected via a hairpin
adapter (HP, green) at each end. The polymerase produces a long polymerase read that
contains several subreads (read 1 and read 2), divided by the HP. The subreads are
stacked and a consensus is formed (CCS read).

1.5.2. Single molecule real time (SMRT) sequencing

A relatively recently developed long read sequencing method is the single molecule real
time (SMRT) sequencing technology from Pacific Biosciences (PacBio). It is used to
assemble high quality de novo genomes (Jiao et al. 2017; Teh et al. 2017), spanning
repetitive and complex regions (Bao et al. 2017) and resolving structural variants (Hud-
dleston et al. 2016).
SMRT sequencing detects the incorporation of Single nucleotide Molecules in Real

Time. The DNA is sequenced on a SMRT cell that contains tens of thousands of
zero mode waveguides (ZMWs), extremely small holes in which single DNA fragments
can be sequenced. The prepared DNA library contains long (several thousand bases)
DNA-polymerase complexes that bind to the bottom of ZMWs (one per ZMW). The
surrounding medium contains the four nucleotides labeled with different flourescent dyes.
As in Illumina’s short read sequencing method, the incorporation of different nucleotides
produces colored light signals that in SMRT sequencing are detected per molecule at the
bottom of each ZMW and do not require a pause between steps. The light pattern is
translated into the nucleotide sequence of the sequenced read. The method is fast, and
read lengths of more than 100 000 bp can be obtained.
A useful feature of SMRT sequencing is that the template DNA fragment is double
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stranded, with a hair pin (HP) adapter at each end (fig. 1.6). Sequencing does not
stop when the template’s forward strand is read completely. Instead, the polymerase
continues to alternately read the reverse and forward strand until its life time is over. The
template’s length and the polymerase’s life time determines if and how often forward and
reverse strands are read. The standard circular long read (CLR) sequencing produces one
long sequence from the forward strand of the template molecule. The template fragment
is here too long to be read completely, and the sequencing length is solely determined by
the life time of the polymerase. The polymerase read shown in fig. 1.6, would here only
contain the first HP, and parts of the read 1. CCS sequencing creates multiple passes for
each template molecule. Templates are shorter than for CLR, allowing the polymerase
to continue reading at the end of read 1.

CCS sequencing produces the completely sequenced forward strand (read 1 in fig. 1.6)
followed by the sequence of the hairpin adapter and then - alternating - reverse strand
(read 2 in fig. 1.6), hairpin, forward strand, hairpin, until the polymerase stops or falls off
the template (polymerase read in fig. 1.6). Compared to Illumina’s short read sequencing
technology, SMRT sequencing produces more per-base errors, on the order of 10-15%
(Korlach 2013) instead of less than 1%, but CCS sequencing provides a direct internal
error correction step. Forward and reverse reads from the same DNA template are
stacked and one consensus read (CCS read) is produced. The consensus read contains
less errors, 15 passes have been reported to secure 99% read accuracy (Eid et al. 2009).

Sequencing costs dropped drastically in the last years and long read sequencing be-
came affordable even when large amounts of sequence data are needed. Long reads are
easier to assemble than short reads and long read based assemblies are more continuous,
especially in non-trivial genomic regions. Longer reads have more overlaps with other
reads, which simplifies the search for their correct position. Repetitive genomic regions,
like transposons or duplicated genes, cannot be spanned by short reads and result in a
high assembly fragmentation. Long reads in turn can span those repetitive regions and
thus increase the continuity of the assembly.

The combination of RenSeq with long reads from PacBio SMRT sequencing (SMRT
RenSeq) has the potential for assembling unfragmented full NLR genes, NLR gene clus-
ters, and the surrounding regulatory elements (Giolai et al. 2016). It already proved
useful in identifying resistance genes against P. infestans in the tomato and potato rela-
tive Solanum americanum (Giolai et al. 2017; Witek et al. 2016b). Witek et al. (2016b)
also showed its superiority to short read RenSeq data.

1.6. The A. thaliana pan-NLR’ome

The work presented in this thesis was carried out as part of a larger international col-
laboration that aimed to investigate inter- and intraspecific NLRs in important crop
plants and their wild relatives using RenSeq. The ‘Resistance Gene Diversity’ project
of ‘The 2Blades Foundation’ is focused on defining important building blocks of the
plant immune system. The investigated species come from three plant families: The
Brassicaceae which include the important model species A. thaliana, cabbage, mustard
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greens, turnips, canola, and relatives, will be used to establish how to best analyze more
complex genomes. The Solanaceae contain for example important crops like potatoes
and tomatoes and the Triticeae include for example wheat, barley, and related grains.
The objective of this work was the dissection of the full NLR’ome in the model species

A. thaliana, and the analysis of the population wide intraspecific variability of this
important gene family.
The method optimization chapter answers important questions about best-practice

techniques to be used when processing SMRT RenSeq data (chapter 2). It shows the
minimal requirements for amounts and quality of the input read data. Then it analyzes
how to best assemble the read data to produce a continuous and correct representation
of the NLR-containing regions of the genome. Subsequently, gene and NLR annotation
methods are optimized with a focus on preventing wrongly fused or merged genes, and
on correctly predicting domains. Finally, it reports the development of an evaluation of
the Quality and the Completeness of accession-specific NLR complements that is needed
to ensure that the questions answered in chapter 3 are based on reliable ground assump-
tions. The NLR’ome is defined comprehensively using 65 diverse A. thaliana accessions
(chapter 3). SMRT RenSeq is used and automated assembly and annotation methods
are combined with manual curation to optimally annotate NLRs as reported in chap-
ter 2. Novelties on several levels are reported. The architectural diversity is described,
and novel integrated domains and architectures are analyzed. The NLR’ome shows sat-
uration in the dataset, which allows defining core NLRs, as well as presence-absence
polymorphisms in accessory (shell) NLRs, and NLRs only present in few accessions
(cloud). Nucleotides and haplotypes show saturation, too. Selective forces that act on
NLRs, domains and positions are studied and co-evolving NLRs are described.
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2. Method Optimization and
Quality Control

In this chapter I report the method optimization steps that were needed to portray the
NLR complements of 65 A. thaliana accessions comprehensively and correctly. I worked
with a set of 73 accessions that represented the species diversity. For these accessions,
Resistance gene enrichment and long read sequencing (SMRT RenSeq, Giolai et al.
(2016)) data were produced (1/3 by me, 2/3 in collaborating labs, table A.2). I needed
to assemble the captured DNA fragments correctly into larger genomic regions (contigs),
genes needed to be annotated on those contigs, and NLRs needed to be defined based on
their specific domain content. Following assembly and annotation, these genes allowed
the dissection of the full NLR repertoire and its variability in the model species A.
thaliana (chapter 3).

2.1. Assembly Optimization

The basis for a reliable NLR gene annotation is the contiguously and correctly assembled
genomic region of origin. Thus, optimizing the individual accessions’ assemblies was a
crucial task of my PhD project. The best possible assembly is the result of the perfect
interplay between the assembly program, the chosen assembly parameters, and the input
data. I analyzed the influence of the input data and fine-tuned the different assembly
parameters for the long-read assembler Canu (version1.3, Koren et al. 2017).

2.1.1. Assembly with Canu

Canu is a single-molecule assembler written to overcome difficulties like incorrect repeat
separation and low per-base coverage. NLRs often occur in clusters of several similar or
even identical genes. Correct repeat separation was thus a crucial task for the creation of
a complete NLR complement. SMRT RenSeq results in highly covered NLR genes, but
only extends with low coverage into the intergenic or non-NLR gene regions in between.
The correct assembly of those lowly covered regions was thus also essential. Canu was
chosen because it tackles these key features of the input RenSeq datasets.
Canu first detects overlaps in the input sequences, then generates corrected consen-

sus sequences using those overlaps. Afterwards it trims the consensus sequences and
assembles the reads into contigs. For PacBio’s corrected CCS reads (section 1.5.2; fur-
ther only called ‘reads’), consensus sequences do not need to be generated and this step
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Table 2.1.: Assembly statistics
Assembly statistics for six representative values of the ‘genomesize’ parameter using the
Col-0 RenSeq dataset.

genomesize [Mb] 1 1.5 2 2.5 5 10

Contigs 170 170 170 170 170 170
Length [bp] 1 806 346 1 806 346 1 806 345 1 806 344 1 806 346 1 806 353

Misassembled
contigs length [bp] 66 893 66 893 66 893 66 893 66 893 66 901

Mismatches
per 100 kbp 12.76 12.76 12.76 12.76 12.76 12.76

Indels
per 100 kbp 18.23 18.23 18.29 18.29 18.23 18.23

Genes
[full+partial] 157 + 8 157 + 8 157 + 8 157 + 8 157 + 8 157 + 8

can be omitted. Canu provides several parameters that can be adjusted to optimize the
assembly considering the input features.

2.1.1.1. Optimal choice of the ‘genomesize’ parameter

The genome size parameter ‘genomesize’ is an estimate that is influencing the read
correction and the overlapping sensitivity. It needs to be set roughly to the expected
assembly size. A RenSeq assembly is expected to contain all NLR genes fully assembled,
and flanking regions left and right of each NLR depending on the input fragment size.
The targeted fragment size was set to 3 kb. Fragments containing the border of an NLR
gene and extending into the neighboring non-NLR regions thus provided the necessary
information to assemble ∼3 kb flanking regions neighboring each NLR gene. The total
expected assembly size from the reference Col-0 was ∼1.74Mb (168 NLR genes contain-
ing 730 kb and 6 kb flanking region per gene). I tested for the Col-0 RenSeq dataset
values for the ‘genomesize’ parameter between 1Mb and 10Mb (table 2.1). The result-
ing assembly size only marginally changed and assembly quality was comparable (Quast
based comparison to the reference genome). Thus I set ‘genomesize=2M’ for all further
analyses.

2.1.1.2. Influence of the ‘errorRate’ parameter

The ‘errorRate’ parameter is the expected error of a single read. It influences which
overlaps are generated, and how they are filtered before trimming and unitig construc-
tion. During read correction, it defines the maximum errors. In the RenSeq datasets,
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reads contained at most 10% errors (Quality=10, calculated with eq. (2.1), see also CCS
calling in section 1.5.2). I tested the ‘errorRate’ parameter (0.1− 0.001) for the RenSeq
Col-0 dataset using different minimum input read quality cutoffs (≥Q10 - ≥Q40 equiv-
alent to max 10% - 0.01% error per read). I evaluated the percentage of fully covered
Col-0 NLR genes for each combination of the ‘errorRate’ and minimum read quality.
Intermediate settings for the ‘errorRate’ resulted in high rates of NLR gene coverage
(fig. 2.1) independent of the input data quality. I chose the setting ‘errorRate=0.01’ in
all subsequent assemblies, to secure a high NLR gene coverage independent from fluc-
tuations in the input read quality of different accessions. As a side note, newer versions
of Canu (starting v1.5) do not require to set the ‘errorRate’ any more (Phillippy et al.
2018).

2.1.1.3. Other useful parameter settings

I used the parameter ‘pacbio-corrected’ to suppress Canu’s internal read correction step.
Read correction is only needed in an assembly that uses PacBio subreads, whereas an
assembly with pre-corrected CCS reads does not benefit from an additional read cor-
rection step. Canu verifies correctly sequenced positions by creating read overlaps. The
parameter ‘trimReadsCoverage=X’ specifies how many overlaps are needed. Each po-
sition in a read that can not be overlapped with at least X other reads is trimmed.
Strict overlap-based trimming improved the assembly quality (less mismatches, InDels
and misassemblies) in Col-0 tests at the cost of the assembly size and the NLR coverage.
Thus, the minimum read depth needed for each position was set to ‘trimReadsCover-
age=2’ which resulted in only two misassembled contigs of which none contained an
NLR. Canu’s parameters were optimized to correctly assemble large and contiguous con-
tigs that contain full-length NLRs. The impact of the input data was analyzed using
those parameters.

2.1.2. Influence of the input data on the assembly

The input data influences an assembly by its quantity (total bases) and quality (read
accuracy and read length). A high amount of sequenced bases results in a big and con-
tiguous assembly because of the high per-base coverage. However, if the sequenced reads
contain many low-quality bases, misassemblies and wrong base calls accumulate. Alter-
natively, filtering reads for a high base-calling accuracy secures the assembly accuracy,
but assembly contiguity might suffer from the lowered per-base coverage. Longer reads
generally improve the contiguity of an assembly. I analyzed how to balance between
quality and quantity in order to get the best possible assembly. I specifically tested how
the assembly size, quality, and the number of NLRs changed with varying input amount
and quality using four RenSeq datasets with complete whole-genome-sequencing based
high quality reference genomes (Col-0, Ty-1, KBS-Mac74, and Cvi-0; reference genomes
unpublished, yet).
Each corrected CCS read (see section 1.5.2) had a minimum of 90% per base accu-

racy (Q10). Sequence numbers and contained bases decreased with increasing minimum
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Figure 2.1.: NLR coverage depending on read Quality and errorRate
NLR coverage in dependence of minimum input read ‘Quality’ and the ‘errorRate’ pa-
rameter of Canu using the RenSeq Col-0 dataset. The NLR coverage [%] is shown as a
color gradient.
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a b

Figure 2.2.: Input statistics
a) Number of sequences (‘Total Reads’) given different ‘Read Quality’ cutoffs. For four
accessions (Col-0 (black), Cvi-0 (red), KBS-Mac74 (blue), and Ty-1 ( purple)), the total
number of reads is plotted after filtering using Read Quality cutoffs between 10 and
40. b)Number of bases (‘Total Bases’) given different ‘Read Quality’ cutoffs. The total
number of bases is plotted for Read Quality cutoffs between 10 and 40.

Quality following a similar slope in all four accessions (fig. 2.2), but Cvi-0 and KBS-
Mac74 provided 40% to 60% less total input data compared to Col-0 and Ty-1. The
mean read length dropped drastically with stricter Quality thresholds for KBS-Mac74
and Cvi-0. In these accessions, long sequences generally had lower Q-scores (fig. 2.3).

For each accession and each read Quality threshold (Q10 - Q40), I assembled using
Canu (parameters: pacbio-corrected, genomesize=2m, errorRate=0.01, trimReadsCov-
erage=2) and predicted NLR genes using AUGUSTUS (version 3.1.0; –species arabidopsis;
Stanke et al. 2004) and hmmsearch (HMMER 3.1b1; –noali –cut_tc; Eddy (2011)). Whole-
genome sequencing based pseudo-chromosomes for the four accessions were created in
an ongoing study dedicated to produce accession-specific high quality A. thaliana refer-
ence genomes. These genomes were used for Quality control in my RenSeq study. They
were annotated (AUGUSTUS) and NLRs were defined (hmmsearch). The RenSeq assem-
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Figure 2.3.: Read length distribution
‘Mean Read Length’ for different read ‘Quality’ cutoffs. Mean (black dots) and standard
deviation (colored vertical lines) is shown for four different accessions in four subpanels.
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blies were compared to the respective pseudo-chromosomes (Quast; version 3.2; defaults;
Gurevich et al. 2013). I analyzed the assembly size (fig. 2.4), fully and partially assem-
bled NLRs (fig. 2.5), the amount of misassembled contigs (fig. 2.6) and mismatched
bases (fig. 2.7).

The RenSeq datasets of Col-0 and Ty-1 provided more than 25 k reads, and more
than 15 k of high quality (>Q20), their assembly sizes were in the range of the expected
2Mb (fig. 2.4). Nearly all NLRs were detected when mapping to the respective refer-
ence genomes, but some of them were only partially mapped (>1 base missing, fig. 2.5).
Extensive Quality filtering (>Q30) increased the amount of partial NLRs, a result of
the shrinking assembly size. Independent from Quality filtering, Canu assembled cor-
rectly and without many positional errors. Less than 10 contigs were misassembled in
Col-0 and Ty-1, and of those, at most two contained an NLR gene (fig. 2.6). With low
Quality filtering, around 100 mismatched bases (fig. 2.7) were found in NLR-containing
contigs (∼1.2Mb total sequence), and roughly 500 more in non-NLR containing con-
tigs (less than 0.5Mb total sequence). Filtering out low quality reads prior to the
assembly reduced especially mismatches in non-NLR contigs, but also mismatches in
NLR-containing contigs dropped with increased filtering. Some high filtering thresholds
(Q=34,35,38,39,40) increased the mismatch rate in Col-0. This increase was not con-
firmed in Ty-1 and rather reflected random assembly or mapping errors than a general
trend.

Cvi-0 and KBS-Mac74 provided fewer reads and more erroneous longer reads (fig. 2.2
and fig. 2.3). Thus their assemblies were smaller and a smaller proportion of NLRs was
found. In addition, the found NLRs were more often partial. Still, intermediate filtering
(≤Q20) improved assembly size and NLR statistics. With stricter quality filters, Canu
could not produce assemblies for Cvi-0 (Q≥25) and KBS-Mac74 (Q≥32) because no
reads remained. Around 40 misassemblies independent from filtering and up to 10 k
mismatches confirmed the bad quality of the KBS-Mac74 assembly. Cvi-0 showed nearly
no misassemblies. Given the small total assembly size and the high rate of partial NLRs,
this suggested a rather fragmented assembly whose input data did not allow for a high
contiguity (see also Cvi-0 (accession identifier 6911) in fig. 2.9). Independent from the
filtering, the Cvi-0 assemblies had∼50 mismatches in NLR contigs and non-NLR contigs.
The testing results suggested that good assemblies require many reads (>10 k) of high
quality (>Q20) as input for Canu. This minimized misassemblies and mismatches, and
allowed for the detection of nearly all NLRs. Without a reference genome to validate
assemblies and annotations, accessions with few and/or low quality input data would
provide incomplete NLR complements, and likely prevent the correct analysis of the pan-
NLR’ome. Found NLRs might be correctly assembled and annotated, but the frequency
of errors would be higher. Even worse, missing NLRs would in many cases not relate to
presence-absence polymorphisms, but rather be artifacts resulting from the bad input
data.
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Figure 2.4.: Assembly size
Total assembly size (‘Total Size’) for different Quality thresholds. For each acces-
sion (subpanels) and Quality (x-Axis), NLR-containing contigs (colored bottom part
of stacked bars) and non-NLR contigs (grey top part of stacked bars) sum up to the
total assembly size.
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Figure 2.5.: NLR genes
Number of ‘NLR genes’ for different ‘Quality’ thresholds. For each accession (subpanels)
and Quality (x-Axis), complete NLRs (colored bottom part of stacked bars) and partial
NLRs (white top part of stacked bars) sum up to the total mappable NLR gene number.
The green dashed line denotes the amount of annotated NLRs (mapped and unmapped)
in the RenSeq assemblies, and the dotted line shows the amount of expected NLRs from
the pseudochromosomes.
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Figure 2.6.: Misassemblies
‘Misassemblies’ for different ‘Quality’ thresholds. For each accession (subpanels) and
Quality (x-Axis), misassembled contigs with NLRs (colored bottom part of stacked bars)
or without NLRs (grey top part of stacked bars) are shown.
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Figure 2.7.: Mismatches
‘Mismatches’ for different ‘Quality’ thresholds. For each accession (subpanels) and Qual-
ity (x-Axis), the number of mismatched bases are shown in contigs with NLRs (colored
bottom part of stacked bars), and in contigs without NLRs (grey top part of stacked
bars). Note the different scale for KBS-Mac74.
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Figure 2.8.: Input reads, read lengths, and total bases for 65 accessions
Read length distribution of corrected and filtered CCS reads (Q20) for the 65 accessions
with successful RenSeq experiments. The mean is shown as a solid black horizontal line.
The full densities are shown as bean plots (filled grey). The total number of CCS reads
(blue circles) and the total number of bases (orange diamonds) are plotted with separate
y-axes (see right hand side).The reference accession Col-0 (6909) is highlighted in red.

2.1.3. Assembly of 73 diverse A. thaliana accessions

The newly gained knowledge about optimal RenSeq assemblies was applied to a set of 73
A. thaliana accessions that were sequenced using SMRT RenSeq in three labs (table A.1
and table A.2).
All but four accessions provided ≥10 k reads with a minimum read quality of Q=20 (at

most 1% error). The sequenced fragments were ∼3kb long (most between 2-5kb). Note
that two of the four above tested accessions are not part of this dataset (Ty-1 and KBS-
Mac74). I assembled all of them using the above described assembly parameters (see
also section 3.7.1.5 and fig. 3.A.13). Five accessions (Cvi-0 (6911), Mar-1 (9555), Vim-0
(9598), Ven-0 (9905), Cat-0 (9832)) were removed from further analyses because of their
small assembly sizes (fig. 2.9). Three accessions (Col-0, Ws-2, Can-0) were sequenced in
two labs and only the dataset resulting in the better assembly was kept. The remaining
65 accessions represented successful RenSeq experiments and reliable assemblies. For a
summary of the sequencing read statistics of those 65 accessions, see fig. 2.8.
I showed in this section why a pipeline for the assembly of RenSeq datasets needs to

be conservative and strict. Sensitivity can only be increased if one is willing to put a lot
of manual effort into quality control and validation of the NLR gene annotation.

2.2. Annotation Optimization

The primary task after successfully assembling the 65 A. thaliana accessions was the gene
annotation. The assembled RenSeq contigs contained both NLRs and non-NLR genes.
Thus, all genes needed to be predicted and conserved domains needed to be assigned
correctly to identify NLR genes for further analyses. Automated gene annotation is
inevitable when working with large amounts of sequence data, but the method’s accuracy
is limited and gets worse when working with incomplete genomes (feature of RenSeq)
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Figure 2.9.: Cumulative assembly size
The ‘Cumulative Assembly Size’ (y-axis) and the ‘Number of Contigs’ (x-axis) is shown
for 73 RenSeq accessions. Each dashed line corresponds to an individual accession, and
the accession identifier is shown at each line’s end. Accession identifiers ending with ‘.2’
are used for the three accessions that were removed due to being sequenced in two labs.
The RenSeq assembly of the reference accession Col-0 is colored red.
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and complex gene families like the NLRs. Manual reannotation was the key to secure a
high quality NLR gene complement for A. thaliana, and for two outgroups Arabidopsis
lyrata and Capsella rubella.

2.2.1. Automated gene annotation

For automated gene annotation of the 65 accessions, I used the genome annotation
pipeline MAKER (version 2.3.2, Campbell et al. 2014). It contains a rich set of features
including several independent gene predictors, repeat masking prevents unreliable pre-
dictions, and known protein and transcript evidences can be incorporated to refine and
improve the ab initio gene models. Two ab initio gene predictors were used. AUGUSTUS
(version 3.1.0; defaults; Koren et al. (2017)) comes with a special arabidopsis-centered
profile that I used for the gene prediction. SNAP (version 2006-07-28; defaults, Korf
2004) was trained with a custom hidden markov model (HMM) based on NB and/or
TIR domain containing genes from A. thaliana to improve the accuracy of NLR gene
prediction. The accuracy of exon-intron structures predicted by ab initio methods is
reported to be around 60% to 70% (Yandell et al. 2012). In a test using the ref-
erence Col-0, AUGUSTUS sometimes tended towards predictions that were longer than
the correct gene and also to fuse genes. SNAP showed opposite errors with short-
ened or split genes. The ab initio predictions were thus refined using all annotated
Col-0 proteins and transcripts from Araport11 (Araport11_genes.20151202.pep.fasta,
Araport11_genes.20151202.mRNA.fasta; ARAPORT: Arabidopsis Information Portal
2018; Cheng et al. 2017). The proteins and transcripts were mapped to the assembled
contigs (MAKER) with strict settings for the minimum mapping quality (ep_score_limit
=95, en_score_limit =95), to secure that only correctly mapped proteins and tran-
scripts were considered as evidence. The specificity of evidence mappings was further
increased by restricting the flanking regions around gene models for which evidence was
considered (pred_flank=150). Not every gene prediction overlapped with protein or
transcript evidence. MAKER’s default in those cases was to exclude the prediction. This
behavior artificially removes genes that are absent in the reference or genes with pro-
nounced sequence changes, so I decided to keep one of the ab initio predictions instead
(keep_preds=1). The maximum intron size occurring in the Araport11 gene set was set
in MAKER (split_hit=3200). Gene predictions with larger intron sizes were split. Repeat
masking improved the annotation accuracy tremendously. Unmasked repeats attract
false evidence alignments leading to wrong gene annotations. If not masked prior to
gene annotation, transposon open reading frames (ORFs) are often mis-interpreted as
exons of neighboring genes, which corrupts the gene annotation further. In a test anno-
tation of the full Col-0 reference genome (27 667 transcripts), masking repeats provided
transcript numbers more closely to the reference, resulted in less fragmented annota-
tions (average alignment length is bigger), less wrong annotations (less unannotated
transcripts are annotated) and less misannotated transcript positions (average number
of mismatches per transcript is lower table 2.2.
In addition to the annotation of the RenSeq assemblies, I also used MAKER to revise the

NLR gene annotations for the two outgroups C. rubella and A. lyrata (section 3.7.1.6).
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Table 2.2.: Repeat masking
Repeat masking positively influences the gene annotation. Transcript-based statistics
of MAKER annotations of the full reference Col-0 genome with or without repeat masking
are shown.

with repeat masking without repeat masking
Transcripts 29 111 34 838
Avg. alignment length [bp] 1201 1179
Avg. number of mismatches
per transcript 0.002 0.01

Unannotated transcripts 2143 7566

2.2.1.1. Limits of automated gene annotation

Automated gene annotation is a standard task for genome-centered research, and current
methods provide parameters that can be adjusted depending on the input data and the
research question to obtain the best possible result. Still, annotation is not error-free and
some NLR- and RenSeq-specific features hamper the task. Gene annotation is commonly
performed on whole genomes, but my assemblies were based only on the genomic propor-
tion that contained NLR genes, which meant the contigs were smaller and there might
be truncated genes. The NLR-centered RenSeq assemblies also showed the accumula-
tion of a general annotation problem: genes like clustered NLRs, which are close to each
other and show a similar structure, tended to get fused. Sometimes, AUGUSTUS or SNAP
erroneously predicted an intron instead of detecting the correct gene end, and neigh-
boring genes got fused (fig. 2.10). Fusions also occurred if evidence mappings spanned
neighboring genes and thus incorrectly guided MAKER to fuse the genes. The opposite,
incorrectly split genes also occurred, mainly for genes without protein or transcript evi-
dence. Pseudogenes did not have protein or transcript evidence, which exacerbated the
MAKER-internal decision which gene model to choose. In addition, pseudogenes in general
accumulate mutations that deviate from the expected gene composition (e.g. internal
stop codons). SNAP and AUGUSTUS tended to fuse pseudogenes to neighboring NLRs
instead of predicting the correct pseudogene (fig. 2.11). Seldom, misassembled contigs
lead to misannotated genes, and even rarer, erroneous reference annotations misguided
MAKER’s decision making process. Taken together, the here mentioned problems lead to
a significant number of misannotated genes that had to be corrected manually.

2.2.2. Manual gene reannotation

I developed, together with collaboration partners (chapter 3), an SOP for manual rean-
notation (section 3.C.1) using the genome annotation editor WebApollo (version 2.0.4;
http://ann-nblrrome.tuebingen.mpg.de/annotator/index; Lee et al. 2013), and reanno-
tated all gene models that contained an NB or TIR domain in the RenSeq datasets and
in the outgroups. The final MAKER gene models were integrated into Web Apollo, as well
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Figure 2.10.: NLR fusion detected with Col-0 protein and transcript evidence
Scheme of an NLR fusion. Shown are the Web Apollo tracks for the final automated
MAKER annotation (red), the two gene predictors (AUGUSTUS lachs and SNAP green), Col-0
protein evidence (blue), Col-0 transcript evidence (grey), and the true (but unknown)
gene structure (black).
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Figure 2.11.: NLR fusion detected with a pseudogene mapping
Scheme of an NLR fusion. Shown are the Web Apollo tracks for he final automated
MAKER annotation (red), the two gene predictors (AUGUSTUS lachs and SNAP green), pseu-
dogene mappings (black-white), and the true (but unknown) gene structure (black).

as all underlying predictions (AUGUSTUS and SNAP predicted genes) and evidence lines
(proteins and transcripts with a minimum mapping score 95%). Relaxed mapping of
the Col-0 evidence proteins, transcripts, and of Col-0 pseudogenes (Exonerate; version
2.2.0; minimum mapping score 50%; Slater et al. 2005; ) supported the reannotation of
duplicated and diversified genes. Protein domains guided the NLR reannotation further.
They were predicted both for the final MAKER gene models, and for the AUGUSTUS gene
predictions using Pfam HMMs and coiled coils (InterProScan; version 5.20-59.0; -dp
-iprlookup -appl Pfam,Coils; Zdobnov et al. 2001). Repeats that were masked by MAKER
to facilitate the gene annotation were included in Web Apollo, too. The general reliabil-
ity of a contig was reflected using raw read support. Positions were more reliable if many
CCS reads could be mapped (pbalign; version 3.0; defaults; Tyagi et al. 2008) and if
many of those reads were used by Canu to assemble the position. Mappings and reads
used for the assembly were shown in Web Apollo. Blast alignments for the databases nr
(Non-redundant protein sequences) and nt (Nucleotide collection) also helped guiding
the reannotation.
All 13 911 gene models containing NB-ARC or TIR domains were manually inspected.

Errors were corrected in 4199 of those genes. Gene fusions were inferred using Col-0 pro-
tein and transcript mappings. Genes were split if two evidences (protein, transcript, or
pseudogene) mapped next to each other within one gene model (fig. 2.10). Further sup-
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Figure 2.12.: Misannotated reference gene AT4G09430
Adapted screen shot from the Araport11 Annotation Release (Araport11 JBrowse 2018)
The genes AT4G09430 and AT4G09435 are incorrectly annotated in Araport11. The
original TAIR10 annotation shows the correct annotation and should not have been split.
Expression levels are shown for RNA-Seq read mappings from Light Grown Seedlings of
Col-0 (Araport11 JBrowse 2018; Cheng et al. 2017).

port for a gene fusion often was given by an unusually long intron spanning the actual
intergenic region. 736 NLR genes were found erroneously fused and were corrected to
1473manually split NLRs. Incorrectly split genes were also detected using Col-0 proteins
and transcripts. Genes were merged if one Col-0 protein or transcript mapping traversed
several neighboring gene models. In total 247 genes had to be merged. Truncated genes
confirmed by protein or transcript mapping, were found in 453 cases. They were flagged
and gene models were extended towards contig borders where possible. Gene-, exon- or
intron-boundaries were refined in numerous cases using protein, transcript, and RNA-seq
mappings. Also without direct mapping evidence, boundaries were sometimes changed
in order to obtain the open reading frame containing a domain annotation (97 cases).
These reannotations had to be confirmed by at least one other researcher and they were
flagged (‘corbound’=changed exon-/intron boundaries; ‘cortrans’=changed translation
start/end) to be able to distinguish them from evidence-based reannotations. Noncanon-
ical splice sites had to be introduced manually if reference protein or transcript evidence
existed, because MAKER only models canonical splice sites. Rarely, erroneous reference
annotations were detected leading to incorrect gene models. As an example, AT4G16857
is annotated as a TNL, but does not contain any domains. AT4G09430 is wrongly split
into two TNLs (AT4G09430 and AT4G09435, fig. 2.12). The first gene contains the NB-
and the TIR- domain, the second one only has an LRR annotated. The misannotation
is driven by a natural antisense gene (AT4G09432 ) that overlaps AT4G09430. This
antisense gene is expressed, whereas AT4G09430 might not be expressed (at least not in
the data used for Araport11 annotation creation). This expression is mistreated as be-
longing to the TNL, which results in the split. In cases of misannotated reference NLRs,
genes were corrected using the TAIR10 annotations (Berardini et al. 2015). In addition
to the reannotation of erroneous gene models, manual curation allowed for the detection
of gene-centered features of the RenSeq datasets. Neighboring NLRs in head-to-head
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orientation were flagged ‘paired’ because literature suggests co-operative function for
some of them (Narusaka et al. 2009). Independent of the orientation, neighboring NLRs
with > 95% similarity to a known NLR pair from Araport11 were also flagged. In total
1655 genes were found paired in the RenSeq assemblies. Putative pseudogenes were
flagged using mapping evidence from known pseudogenes in Araport11. Assembly er-
rors were detected and affected genes were flagged if CCS read mappings reliably proved
a misassembled position.

I combined optimized automated gene annotation with extensive manual curation of
NLR genes. This resulted in highly reliable NLR gene complements for all RenSeq
accessions, which were necessary to describe the A. thaliana pan-NLR’ome.

2.3. NLR Classification: coiled-coils (CCs)

NLRs are typically classified based on their conserved domains. Protein domains were
predicted using Pfam HMMs as mentioned earlier (section 2.2). I refined coiled-coil (CC)
motifs in NLR genes using a majority vote validation with three different programs to
account for the inaccuracy of the individual methods. Coils (2.2.1; InterProScan-
defaults; Lupas et al. 1991) and Paircoil2 (defaults; McDonnell et al. 2006) predict
CCs using databases of many known coiled-coils, and the NLR-parser (v.2; defaults;
Steuernagel et al. 2015) uses two NLR-specific coiled-coil motifs (motif16 and motif17).

Figure 2.13 compares the intersections of CC-containing NLR genes predicted by the
three programs, and the reference annotation Araport11. Of the 25 CC-containing
Araport11 genes, 12 are found in all predictors (rightmost vertical bar), and 10 others
are found using two of the three predictors. All programs predict more CC-containing
NLRs than are reported in Araport11, and there are 20 NLR genes that have a CC
motif in at least two of the three prediction methods, but no equivalent in the reference
annotation. These results suggest that no method alone is suited to reflect the reference,
but it also shows that the reference annotation might not be complete. In addition, I
validated how CCs of known functional CNLs are represented by the three predictors,
table 2.3 summarizes the results. CCs are often found by all (6 NLRs), or at least two
(4 NLRs) of the three methods. Three NLRs are only confirmed by the NLR-parser,
and ADR1, an RNL containing an unusual ‘CCR’ domain (Collier et al. 2011), is not
found by any method. This suggests again that an overlap of two methods provides a
reliable CC prediction while not losing too much sensitivity. I reannotated coiled-coils
in all RenSeq NLR genes and trusted the annotation, if overlapping predictions existed
for at least two of the three methods. Borders were defined by Coils (most sensitive
method) or by Paircoil2 if no Coils prediction was present. The NLR-parser was not
used to define boundaries because it reports only the positions of two motifs known from
CCs instead of the full CC. NLRs were then classified into TNLs, CNLs, RNLs, and NLs
(section 3.7.1.10, and section 3.7.1.11).
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Figure 2.13.: Coiled-coil containing NLRs
Intersection of Col-0 CC-containing NLRs predicted by Coils, Paircoil2, and the
NLR-parser, and the reference annotation Araport11. The total number of CC-
containing NLRs is shown as horizontal bars in the bottom left part of the figure.
All intersections are shown in a matrix-layout combined with vertical bars. For each
combination (black dots and their connections by lines), the bar shows the number of
intersected CC-containing genes.
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Table 2.3.: CC detection in known functional CNLs
CC predictions (binary, 0/1) from Paircoil2, Coils, and the NLR-parser for known
functional CNLs. The Araport11 identifier and the name of each CNL is given.

Identifier Name Paircoil2 Coils NLR-parser
AT3G07040 RPM1/RPS3 0 0 1
AT4G26090 RPS2 1 0 1
AT1G10920 LOV1 0 0 1
AT1G58602 RPP7 1 0 1
AT1G12220 RPS5 0 1 1
AT5G43470 HRT/RPP8 1 1 1
AT1G33560 ADR1 0 0 0
AT1G12280 summ2 1 1 1
AT1G12210 RFL1 1 1 1
AT1G59620 CW9 0 0 1
AT1G61180 Uni-1d (Ws) 1 1 1
AT1G61190 RPP39 1 1 1
AT3G46530 RPP13 0 1 1
AT3G50950 ZAR1 1 1 1

2.4. Assembly Quality and NLR complement
Completeness

I evaluated the quality of an assembly by comparing how good the assembly fit its input
reads. I assessed the quality using pseudo-heterozygous SNP calls that were created by
mismapped CCS reads. If an NLR was not correctly assembled, CCS reads from that
gene mapped to a similar NLR instead and created pseudo-heterozygous SNPs. A ‘Qual-
ity’ value was calculated from the ratio of those SNPs to the total amount of mapped
NLR gene bases. For each RenSeq assembly, I created a pseudo-genome consisting of
all assembled contigs and the TAIR10 reference chromosomes. All NLRs were masked
on the Col-0 reference chromosomes to avoid reference-biased NLR gene mappings. All
non-NLRs were masked on the RenSeq contigs to secure only one representation of all
non-NLR genes existed in the pseudo-genome (fig. 2.14). I then mapped the accession’s
CCS reads to the pseudo-genome (Minimap2; 2.9-r748-dirty; -x map-pb; Li 2018b) and
called SNPs for NLR genes using high quality mappings only (htsbox pileup; r345; -
S250 -q20 -Q3 -s5; Li (n.d.)). The Quality was calculated using a formula adapted from
the Phred-quality score, which is used to determine per base qualities (eq. (2.1)). The
Quality (Q) is logarithmically linked to the ratio of pseudo-heterozygous calls (hetsites)
and the total amount of mapped NLR gene bases (totalsites).

Q = abs(−10 ∗ log10( hetsites
totalsites

)) (2.1)
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CCCTAAACCCTAAACCCTAAACCCTAAACCTCTGAATNNNNNNNNNAAATCCCTANNNNNNAAATC

Chromosomes

CANNNNNNAAGTTTATGGTTAAGAGTTTTTTACTCTCT

Contigs

non-NLR NLR 

non-NLRnon-NLR NLR NLR

CNNNNNNNNNCTAAGACCCTAAAGCCCTAGAACCGTCTGAATNNNNNNNNNAGAATCGCGCTTGGGGACAAATC

CTAATGTTTATGCGTTAANNNNNGAGTTTTTTACTCTT

non-NLRNLR

non-NLRNLR NLR

Figure 2.14.: Diagram for pseudo-genome generation
Pseudo-genomes contain the assembled RenSeq contigs with masked (purple) non-NLR
genes and unmasked (blue) NLRs. In addition, the TAIR10 reference chromosomes are
used, with masked (purple) NLRs and unmasked (blue) non-NLRs.

Quality values of RenSeq assemblies ranged between 17.7 and 42.5 (median=29.7),
with Col-0 showing an intermediate Quality of Q=30.6 (fig. 2.16 panel b, black dots).
I checked whether the Quality was correlated with the input reads, the total number
of bases or the read length N50, which would suggest that accessions with lower Qual-
ity were limited by those input features. I also checked if an accession’s Quality was
correlated with the similarity to Col-0 (see section 3.7.5.3 for identity by state (IBS)
calculation method), which would suggest a bias in the efficiency of the baits that were
mostly created from Col-0 NLRs. The sub-sampling test showed erratic high Qualities
for small sub-sets (fig. 2.16, panel a). To avoid using erratic high Qualities of small
RenSeq assemblies, I excluded accessions with less than 11.8Mbp input and a Quality
Q<20 (corresponds to 15% sub-sampling). No positive correlation was detected be-
tween the Quality, the input reads, the total number of input bases or the read length
N50 (fig. 2.15). This confirmed that enough input fragments were sequenced to secure
a reliable assembly. There was also no positive correlation between the Quality and the
similarity to Col-0, which confirms the unbiased enrichment capability of the used baits.

Quality values could only be compared to each other and allowed statements about
the relative arrangement of accessions. I needed in addition an absolute value of the
‘Completeness’ of each accession’s NLR complement. Without reference genomes, an
accession’s Completeness could only be derived from the reference Col-0. I used the
correlation between Quality and Completeness of Col-0 sub-assemblies to infer the Com-
pleteness of RenSeq assemblies. I sub-sampled the Col-0 CCS reads from 100% (26 639
reads, N50=2846 bp, 77.98Mb total) to 1% in 1% steps (seqtk sample; v.1.0-r82-dirty;
defaults; Li (2018a)). I assembled the sub-sampled datasets (section 2.1). NLRs were
annotated by mapping all NLRs from the full RenSeq Col-0 annotation to each sub-
assembly. NLR transcripts were extracted (exonerate; v.2.2.0; –model est2genome
–bestn 1 –refine region –maxintron 546; Slater et al. 2005) and the Quality of each
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Figure 2.15.: Assembly Quality correlations
Correlations (scatter plots) between the Assembly ‘Quality’ (top left box), the amount
of ‘Input Reads’, the amount of ‘Input Bases [bp]’, the ‘Read Length N50 [bp]’, and the
‘Similarity to Col-0’ (boxes on the right) for RenSeq datasets. Histograms and kernel
densities (orange lines) are plotted for each variable. Scatter plots for variable pairs
are shown together with a fitted line (blue) and the Pearson’s correlation coefficient
(significance niveau 0 ‘***’,0.001 ‘**’, 0.01 ‘*’, 0.05 ‘.’, 1 ‘ ’).
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sub-assembly was assessed as described above. The sub-sampling experiment confirmed
increasing assembly Qualities with increasing amount of input data (9%-100%, fig. 2.16,
panel a)). I excluded the 1%-8% sub-sampling experiments: no assembly could be
produced using 1% of the input data. The Quality calculation only makes sense for
reasonable amounts of mapped CCS reads, therefore the 2%-8% sub-assemblies were
deemed unreliable and were not used for the Completeness inference of RenSeq assem-
blies (see below). The Completeness of a sub-assembly was calculated from the fraction
of the reference Col-0 NLR complement (from Araport11) that got assembled. For each
sub-assembly, NLR transcripts were mapped to the reference (rnaQUAST; version 1.5.0;
defaults with TAIR10 reference genome and Araport11 NLRs; Bushmanova et al. 2016)
and the Completeness was calculated by dividing the amount of covered NLR genes
[bp] by the total length of the Araport11 NLRs [bp]. In the sub-sampling experiments
I could show a quick Completeness saturation reaching a maximum of 97% (fig. 2.16
panel a, green dots). Already when using only 29% of the Col-0 input data, 95% of the
NLR gene complement got assembled. Using 29% of the input data means 7713 reads
with an N50 read length of 2849 (50% of the data can be found in reads of this length or
longer), and an N90 of 2592. This is roughly what the ‘worst’ RenSeq accession provides
as input (fig. 2.13), already hinting at a good overall Quality and Completeness of the
RenSeq datasets.

I used the relationship between the Quality and the Completeness of the Col-0 sub-
assemblies to infer the Completeness of the RenSeq accessions. The smallest Col-0
sub-assembly with a Quality higher than each RenSeq dataset was defined. I assigned
the Completeness of the next smaller sub-sampled assembly to the RenSeq accession.

The Completeness of all 65 RenSeq datasets was generally high (median=95%), 46
accessions were at least 95% complete (vertical black line in fig. 2.16 panel b), and
56 accessions were at least 90% complete. Completeness values ranged between 63%
and 97%, which reflected the maximum obtainable score equivalent to the full Col-0
dataset. Since the Col-0 dataset did not provide a perfect assembly, 23 accessions with
a higher Quality could not be ranked. Their Completeness (unfilled green circles in
fig. 2.16 panel b) was between 97% and 100%. The Quality and the Completeness
analyses of the Col-0 sub-sampling experiment and the RenSeq datasets confirmed the
high reliability of the RenSeq method (no bait bias, enough input data per accession)
and suggested near-complete NLR complements for many accessions.

2.5. Complete NLR complements for the analysis of
the pan-NLR’ome

The extensive method optimization and quality control presented in this chapter re-
sulted in near-complete NLR complements for 65 A. thaliana accessions. RenSeq reli-
ably enriched the NLR containing proportion of the genome, the assembly resulted in
a contiguous representation of full NLR genes and their surrounding regions, and the
combination of automated and manual annotation of NLR genes and domains secured
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Figure 2.16.: Assembly Quality and Completeness
‘Quality’ and ‘Completeness’ of sub-sampling Col-0 test assemblies and RenSeq as-
semblies. a) Quality (black) and Completeness values (green) for sub-sampled Col-0
datasets. The x-axis contains the sub-sampling percentage and the amount of input data
for each sub-sampling experiment. b) Quality (black) and Completeness values (green)
for all RenSeq accessions. Unfilled circles indicate accessions with qualities larger than
any sub-sampled dataset. The vertical black line is drawn at 95% Completeness.
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correct NLR complements for each accession.
These datasets allowed for an unprecedented and comprehensive description and anal-

ysis of the A. thaliana pan-NLR’ome, presented in the following chapter containing the
manuscript The Arabidopsis thaliana pan-NLR’ome. The biological analyses included
the architectural diversity of NLRs, especially the use of novel IDs and novel NLR do-
main architectures. Further, the pan-NLR’ome was shown to be saturated, allowing for
a definition of the core NLR complement, and the description of presence-absence poly-
morphisms in non-core NLRs. Haplotype saturation could be shown, too. The selective
forces acting on NLRs, domains, or positions, were quantified and evolutionary coupled
co-evolving NLRs could be identified.
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3. The Arabidopsis thaliana
pan-NLR’ome

3.1. Declaration of Contributions

This chapter contains the manuscript The Arabidopsis thaliana pan-NLR’ome, which is
work in progress and has not been submitted to a journal, yet. Footnotes were introduced
to provide further important information to the reader of this thesis. They do not belong
to the manuscript.

All authors contributed equally to the scientific ideas presented in the following
manuscript. The project was managed mainly by Felix Bemm (FB, last author) and
Detlef Weigel (DW, corresponding author), with additional help equally of Freddy Mon-
teiro (FM, shared first author) and Anna-Lena Van de Weyer (AVDW, shared first
author). RenSeq data were generated equally by Oliver Furzer (OF, shared first au-
thor), FM, Marc Nishimura (MN), and AVDW. Assemblies were produced equally by
FB and AVDW. Genes were annotated equally by FB and AVDW, and were manually
curated equally by OF, FM, and AVDW, with additional help of FB. Biological analyses
were carried out equally by FB, OF, FM, and AVDW. Results were interpreted equally
by FB, Jeffery L. Dangl (JD), OF, FM, AVDW, and DW. The initial draft of the paper
was written equally by FB, OF, FM, and AVDW. Critical revisions of the manuscript
involved FB, JD, OF, Jonathan Jones (JJ), FM, AVDW, and DW.

3.2. Abstract

Plant disease resistance to pathogens is a genetically encoded trait of value for agri-
culture. Disease resistance is often encoded by nucleotide-binding leucine-rich (NLR)-
encoding genes that occur with dynamic incidence across populations. Plant genome
sequencing projects provided glimpses of NLR diversity across species, the reported ref-
erence gene repertoires are neither exhaustive, nor represent species-wide NLR diversity.
Here, we aimed to define the Arabidopsis thaliana species-wide NLR’ome. We applied
NLR-gene enrichment and long-read sequencing to a collection of 65 diverse accessions,
finding that the pan-NLR’ome saturates at approximately 40 accessions. We show that
half of the pan-NLR’ome is present in most accessions, whereas the rest exhibited greater
variation. We also provide a genome browser and interactive display of phylogenetic re-
lationships within each defined orthogroup. We charted the architectural diversity of
NLR proteins and identified novel architectures and integrated domains. We show hap-
lotype saturation and quantify the selective forces that act on specific NLRs, domains,
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3. Approaching saturation of the A.thaliana pan-NLR’ome

and positions, contrasting these data with functional annotations. Our results add to
the wealth of A. thaliana data, while resolving previously uncertain loci. This study
defines the concept of the pan-NLR’ome in plants and will be applicable to other plant
species.

3.3. Introduction

Plant immune receptor repertoires have been shaped by millenia of plant-microbe coevo-
lution (Gao et al. 2018; Jones et al. 2006). Immunity is activated either by cell surface
receptors that recognize microbe-associated molecular patterns (PAMPs), or by intra-
cellular receptors that detect pathogen effectors (Jones et al. 2006). These intracellular
receptors are typically encoded by highly polymorphic disease resistance genes. About
two thirds of disease resistance genes encode nucleotide-binding leucine-rich repeat re-
ceptors (NLRs) (Kourelis et al. 2018), and most plant genomes have hundreds of NLR
genes (Shao et al. 2016). The majority of plant NLRs contain a central nucleotide bind-
ing domain shared between Apaf-1, Resistance proteins and CED4 (NB-ARC, hereafter
NB for simplicity) (Van der Biezen et al. 1998). Most contain also leucine-rich repeats
(LRRs) (Maekawa et al. 2011; Takken et al. 2012), and either a Toll/Interleukin-1 recep-
tor (TIR) or coiled-coil (CC) domain at the N-terminus (Bernoux et al. 2011; Nishimura
et al. 2017; Qi et al. 2012). Proteins with similar arrangements of functional domains
are also involved in host defense in animals and fungi (Jones et al. 2016; Li et al. 2015;
Uehling et al. 2017).
Recognition by NLRs generally involves one of three main mechanisms (Dangl et

al. 2013). NLRs can directly detect pathogen effectors through interaction with the
canonical NLR domains (Catanzariti et al. 2010; Dodds et al. 2006; Krasileva et al. 2010),
or with an NLR-incorporated integrated domain (ID) that resembles known domains of
pathogen effector targets (Cesari et al. 2014; Le Roux et al. 2015; Maqbool et al. 2015;
Sarris et al. 2015; Wu et al. 2015). Alternatively, NLRs detect effector activity indirectly
by monitoring a host virulence target (“guardee”) (Mackey et al. 2002; Qi et al. 2014;
Wang et al. 2015), or detect effectors that interact. Importantly, these mechanisms
have been directly demonstrated only for a very small number of NLRs, and additional
mechanisms might await discovery.
To date, NLR complements, or NLR’omes, have been defined from available genome

annotations for single cultivars of plants or for multiple species across different taxonomic
levels, respectively (Bailey et al. 2018; Gao et al. 2018; Kroj et al. 2016; Sarris et al.
2016; Shao et al. 2016; Stein et al. 2018). The most striking findings were the repetitive
modular arrangement of NLRs and the discovery of head-to-head paired NLR genes,
where one member included an ID (Bailey et al. 2018; Gao et al. 2018; Kroj et al. 2016;
Maqbool et al. 2015; Sarris et al. 2016; Shao et al. 2016). The potential use of those IDs
as modular building blocks has opened up new possibilities for the engineering of novel
resistances to pathogens (Kim et al. 2016; Kourelis et al. 2016; Nishimura et al. 2015).
The existing list of IDs, however, likely represents only a glimpse of the true diversity
across plants.
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The definition of pan-NLR’omes or repertoire of NLR genes across different species,
or higher taxonomic groups, has provided estimates of the variation in size of the NLR
family (Guo et al. 2011; Stam et al. 2016; Zhang et al. 2010), presence/absence relations
(Stam et al. 2016; Zhang et al. 2010), categorical distribution into structural classes
across the phylogeny, and diversity of IDs (Kroj et al. 2016; Sarris et al. 2016). Publicly
available plant genome annotations have been the foundation of most NLR’ome studies
and, their systematic integration has allowed ancestry reconstruction of key NLR lineages
and illuminated ancient and recent expansion-contraction events (Shao et al. 2016). In
contrast, knowledge of the true diversity of within species pan-NLR’omes is scarce and
has so far been derived from only a limited number of individuals, and thus covers a
narrow diversity within the population (Guo et al. 2011; Stam et al. 2016; Zhang et al.
2010). Across individuals of the same species, which often has only a single reference
genome annotation, the remarkable differences in NLR family size between rice, tomato,
and Arabidopsis thaliana might be due to low coverage of available genomes, or the
impracticable assembly of tandem paralogous genes often found in NLR clusters when
short-read sequencing is used under conditions of insufficient depth (Stam et al. 2016;
Zhang et al. 2010).

Despite these potential shortcomings, early intraspecific pan-NLR’ome studies re-
vealed patterns of allelic and structural variation consistent with adaptive evolution
and balancing selection for subsets of NLR encoding genes (Bakker et al. 2008), fitting
a model of co-evolution of host and pathogens. Allelic variation seems to be reflected
in many different haplotypes that are found across NLR loci (Cao et al. 2011; Duan
et al. 2017). These can include recombination “hotspots” generating NLR clusters (Choi
et al. 2016; Guo et al. 2011), and true allelic series (Dodds et al. 2006; Rose et al.
2004). The patterns of presence/absence polymorphisms as well as copy number vari-
ation at loci with multiple NLR genes imply that reference genomes may not include
representatives of all distinct NLR clades within a species (Cao et al. 2011; Golicz et al.
2016; Guo et al. 2011; Kawakatsu et al. 2016; Li et al. 2014). A major advance in
identifying ‘missing’ NLR genes in a species is resistance gene enrichment sequencing
(RenSeq), especially when hybridization based capture of genomic fragments with se-
quence similarity to known NLR-coding genes is combined with Single-Molecule Real
Time sequencing (SMRT RenSeq) (Witek et al. 2016). Our objective was to define the
full NLR repertoire and its variability in the reference species A. thaliana, by analyz-
ing a panel of 65 diverse accessions using SMRT RenSeq. We show that we approach
saturation of the pan-NLR’ome with this well-chosen set of accessions; we define the
core NLR complement of the species and detail novel domain architectures; and we
describe presence-absence polymorphisms in non-core NLRs. Together, our work pro-
vides a foundation for the identification and cloning of disease resistance genes in more
complex species of agronomic importance.
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3.4. Results

3.4.1. The Samples

A set of 65 Arabidopsis thaliana accessions was selected to explore the diversity of the
pan-NLR’ome (fig. 3.1a, table 3.B.2). The selection included 46 accessions from the
1001 Genomes Project, of which 21 belonged to previously identified relict populations
characterized by an unusually high amount of genetic diversity
(1001_Genomes_Consortium 2016). Additionally, the 19 founder accessions of the
MAGIC lines, a resource to dissect the genetics of complex traits were included (Kover
et al. 2009; Scarcelli et al. 2007).

3.4.2. NLR Complements

A combination of NLR gene sequence capture (RenSeq) and single-molecule real-time se-
quencing (SMRT) was used to reconstruct full NLR complements (see section 3.7 for de-
tails of bait design, sequencing, assembly, annotation and quality control approaches). In
total, we identified 13 167 NLRs, with a range of 167 to 251 genes per accession (fig. 3.1b).
Individual accessions had between 47% and 71% physically clustered NLR genes (more
than one NLR in 200kb of genomic sequence; adapted from Holub (2001)). A partic-
ularly interesting class of NLR genes are those in head-to-head orientation (Narusaka
et al. 2009; Saucet et al. 2015), and we found 10 to 34 NLRs per accession in such an
orientation, or with high sequence similarity to known functional pairs (section 3.7).
NLRs were grouped into four classes (TNL, NL, CNL, and RNL) based on canonical
protein domains (TIR, NB, CC, RPW8 and LRR). Across all accessions TNLs formed
the largest and most size-variable class, followed by NLs, CNLs, and RNLs (fig. 3.1c,
fig. 3.A.1). Of the 13 167 NLR genes, 663 contained at least one additional integrated
protein domains (ID), in which we found 36 distinct Pfam domains (fig. 3.2b). Indi-
vidual accessions had 5 to 17 IDs distributed accross 4 to 16 NLR genes, in line with
reports for specific accessions (Guo et al. 2011; Shao et al. 2016). This result reveals an
unprecedented incidence of previously unreported A. thaliana IDs.

3.4.3. NLR Domain Architecture Diversity

We investigated the repertoire of the 36 IDs, since these might function as pathogen
effector binding platforms (Cesari et al. 2014; Le Roux et al. 2015; Nishimura et al.
2015; Sarris et al. 2015). 29 of the 36 IDs were already known from other Brassicaceae
including A. thaliana Col-0 (fig. 3.2a,b; table 3.B.7). Nine of the 36 IDs were reported
concordantly in the two major NLR-ID censuses, namely WRKY, PP2, Pkinase, PAH,
DUF640, B3, Pkinase_Tyr, PPR_2 and Alliinase_C (Kroj et al. 2016; Sarris et al.
2016). Five of those nine occur in genetically linked paired NLRs in the pan-NLR’ome
(pair ratio > 0.5 in fig. 3.2b, see section 3.7). Rediscovery of these nine IDs is of particular
relevance, since these are enriched for domains similar to known effector targets (Kroj
et al. 2016; Mukhtar et al. 2011; Sarris et al. 2016; Weßling et al. 2014). Our sequencing
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Figure 3.1.: Basic descriptive statistics of the NLR complements
a) World map of A. thaliana accessions. 1001G (relics, blue), 1001G (non-relics, purple), MAGIC
founders (yellow). b) Accession specific NLR frequencies. Shown are the full NLR complement, clustered
NLRs, and paired NLRs. The mean is shown as a solid black horizontal line and the Bayesian 95%
Highest density Intervals (HDI: points in the interval have a higher probability than points outside,
analogous to 95% confidence intervals) are shown as solid bands around the sample mean. All raw data
points are plotted as open circles and the full densities are shown as a bean plot. c) NLR frequency for
different structural classes. Mean, HDI, and raw data points are plotted as described.
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and annotation effort expands the A. thaliana ID repertoire beyond the ten IDs found
in the Col-0 reference accession. IDs found in only one gene model did not receive
particular attention, as they are conceivably an artefact of our annotation pipeline.
A hallmark of NLR’ome variation across species is the variation in the relative fraction

of different domain architectures (Li et al. 2015; Shao et al. 2016). Examining the
arrangement of NLR domains in the A. thaliana pan-NLR’ome we identified 97 distinct
architectures (fig. 3.A.3a,b). Whilst 27 canonical architectures (without IDs) account
for the vast majority of the identified NLRs (95% of the pan-NLR’ome; 12 496 NLRs),
the remaining 5% (664 NLRs) contain at least one of 36 different IDs (fig. 3.2c). The
97 architectures greatly expand upon the 22 architectures found in the reference Col-0
genome (fig. 3.2d), with most of the new A. thaliana architectures containing at least
one ID (fig. 3.A.3c). Half of the new A. thaliana architectures contain more than one
gene (38/75) (fig. 3.2e), of which, 17 are predominantly composed by paired NLRs (pair
ratio > 0.5, see section 3.7) and contain at least one ID (fig. 3.2e). About half of
the architectures have not been previously described in the Brassicaceae (including A.
thaliana Col-0) (48/97) (fig. 3.2d). These novel architectures account only for 1.3% of
the pan-NLR’ome (175 NLRs), with all but one containing an ID (fig. 3.2d,e). Finally, 12
IDs are repeatedly recruited into different novel architectures (labeled ‘novel > known’ in
fig. 3.2f), reflecting the recycling of a limited set of IDs into new domain arrangements.
It is likely that these IDs are derived from proteins repeatedly targeted by pathogen
virulence effectors.

3.4.4. The pan-NLR’ome

To begin to understand the diversity of both NLR content and alleles, we grouped sets
of homology-related NLRs from different ecotypes. The resulting clusters were termed
orthogroups. We clustered 11 497 NLRs into 464 high confidence orthogroups (OGs)
(fig. 3.3a), plus 1663 singletons. Ninety-five percent of the OGs could be discovered
with 38 randomly chosen accessions (fig. 3.3b). Additional sampling only recovered OGs
with three or fewer members, indicating that the pan-NLR’ome we describe is largely,
if not completely, saturated. OGs were classified according to size, domain architecture
and structural features. We define the core NLR’ome as the 106 OGs found in at least
52 accessions (6,080 genes), 143 OGs found in at least 13, but fewer than 52 accessions
as shell (3,932 genes), and the 215 OGs found in 12 or fewer accessions as cloud (1,485
genes) (fig. 3.3a). The majority of OGs, 58%, were TNLs, in concordance with TNLs
being the prevalent NLR class in the Brassicaceae (Peele et al. 2014), 22% were CNLs,
7% RNLs, and 13% NLs (fig. 3.3c). TNLs showed a strong tendency towards larger
shell and core OGs compared to CNLs (fig. 3.A.5a). Sixtyfour OGs included genetically
paired NLRs (see section 3.7), and 28 contained members with an ID, with almost none
being present in the cloud NLR’ome (fig. 3.3d). Shell and core OGs contained the vast
majority of paired NLRs (98% in 55 OGs, fig. 3.A.6). This shows that conserved NLR
pairs are widely distributed in the population and that incorporation of IDs into NLRs
is widespread in A. thaliana.
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Figure 3.2.: Diversity of IDs and domain architectures in the pan-NLR’ome
a) UpSet intersection of IDs in the pan-NLR’ome with those found in the A. thaliana Col-0 reference
accession and 19 Brassicaceae genomes. The number of IDs in each set is indicated between parenthesis
at the lower left. Set intersections are depicted in the combination matrix in the bottom. Size of
intersecting sets is indicated on the vertical bars. b) NLR-ID prevalence. Novel A. thaliana IDs are
shown in light grey and known IDs in the Araport11 NLR’ome are in black. Pfam30 domain names in
y-axis and number of NLRs containing each ID are shown in x-axis. Asterisks show IDs not detected in
Brassicaceae NLRs. Numbers next to y-axis show the ratio of paired NLRs among the NLRs containing
the ID. c) Cumulative sizes of each of the 97 domain architectures. 27 canonical architectures contain
12496 NLRs (red) and 70 architectures with IDs contain 664 NLRs (blue). d) UpSet intersection plot
showing the number of shared architectures between the pan-, Araport11- and Brassicaceae-NLR’ome
sets. The number of architectures in each set is shown between parenthesis at the lower left. The
number of shared architectures between sets are indicated the respective vertical bars. The blue stacks
of the bars indicate the number of ID-containing architectures. e) 38 previously unreported architectures
in Col-0 containing more than one gene. 37 architectures represented by single genes are not shown.
Domain architectures are shown in the y-axis. The number of NLRs in each architecture is shown in
x-axis. Asterisks indicate 20 of the 49 architectures not yet detected in the Brassicaceae family and in
the reference Col-0 accession. Numbers next to y-axis show the ratio of paired NLRs divided by the
total number of NLRs in each architecture. f) Number of known and novel architectures containing the
27 overlapping Brassicaceae IDs (see panel a). a and b letters at the right of the bars indicate putative
integrated decoys as reported by Kroj et al. (2016) and Sarris et al. (2016).
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Figure 3.3.: OG sizes, Saturation, Distribution of NLR classes and pairs
a) Orthogroup size distribution. Data is shown separately for the different NLR classes (yellow (TNL),
green (NL), blue (CNL), purple (RNL)), and for all NLRs (grey dashed line). The vertical lines at x=13
and x=51 differentiate cloud, shell, and core. b) Saturation of the pan-NLR’ome. The blue boxes show
the percentage of the pan-NLR’ome that can be recovered when randomly drawing a fixed number of
accessions (1000x bootstrapping). The horizontal dashed line is drawn where 90% of the pan-NLR’ome
is found. The green boxes show for each subset of drawn accessions, the average size of undiscovered
orthogroups. The vertical dashed line shows that 95% of the pan-NLR’ome can be recovered using 38
accessions. c) OG-type specific distribution of NLR classes. Shown is the total number of orthogroups
in the Cloud (dark blue), the Shell (grey), and the Core (olive green), and the percentage (text in the
bars). d) OG-type specific distribution of paired and unpaired NLRs, and NLRs with and without IDs.
Shown is the total number of Orthogroups in the Cloud (dark blue), the Shell (grey), and the Core
(olive green), and the percentage (text in the bars).
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Figure 3.4.: Genetic location of NLRs
Genetic location of NLR-coding genes in the reference A. thaliana Col-0 assembly (TAIR9). The 5
A. thaliana Col-0 chromosomes are shown in horizontal bars. Centromeres are shown as red regions
inside each chromosome. Col-0 NLRs are shown as black line segments inside each chromosome. For
simplicity, text labels are shown on top of each chromosome only for functionally defined Col-0 NLRs.
Anchored NLR OGs with a threshold of 10 accessions are shown below each chromosome in blue and
orange. Novel paired NLR OGs (not previously reported in Col-0) are colored orange, while remaining
anchored NLR OGs are shown in blue.

3.4.5. Placement of non-reference OGs

We discovered 296 high confidence OGs without a reference Col-0 allele, with six be-
longing to the core, 205 to the cloud, and 85 to the shell NLR’ome. In order to anchor
these OGs to the reference genome, we asked how often orthogroups co-occurred, using
OGs with known location (NLR and non-NLR OGs with a Col-0 reference allele) to
anchor contigs with OGs lacking a reference allele. With a minimum threshold of 10
accessions, we derived 42 co-occurrence subnetworks (fig. 3.A.7), anchoring 24 out of
132 OGs present in at least 10 accessions, but missing from the Col-0 reference. Most
were anchored to other NLRs (fig. 3.A.7). Newly anchored OGs include one CNL pair
and three TNL pairs (fig. 3.4, fig. 3.A.7, and fig. 3.A.9), with one ID-containing sensor-
type OG (205.1) arranged in head-to-head orientation to the executor-type OG 204.1
(fig. 3.A.9). The use of annotated non-NLR genes in the assembled contigs allowed us
to properly place these novel OGs.
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3.4.6. Pan-NLR’ome Diversity

Complementary to defining the diversity of NLR architectures, we assessed sequence
diversity and evolutionary forces shaping the pan-NLR’ome. The average nucleotide
diversity was similar for CNLs, NLs and TNLs (fig. 3.5a). The same trend was true for
haplotype diversity (fig. 3.5c). Nucleotide diversity was lowest in core-type and higher
in shell- and cloud-type OGs across TNLs, CNLs and NLs (fig. 3.5a), suggesting that
selection is relaxed in OGs with larger presence/absence variation. Interestingly, TNLs
and NLs contained a number of shell-type OGs with ultra-low haplotype diversity, sug-
gesting a conserved but rarely encountered selective pressure (there is no correlation
between geographic location and the accessions carrying these orthogroups). Both nu-
cleotide and haplotype diversity showed signs of saturation (fig. 3.A.12). The average
nucleotide diversity saturated with 32 randomly selected accessions while the haplotype
diversity saturated later with 49 accessions. This suggests a prevalence of low frequency
haplotypes. Contrasting nucleotide and haplotype diversity in paired, clustered and non-
clustered OGs revealed a significant increase in nucleotide diversity in clustered versus
non-clustered OGs (fig. 3.A.5c). This prevalence of diversity in clustered NLRs supports
the theory of relaxed selection in cases of gene duplication (NLR clusters typically con-
tain arrays of duplicates) (Ohno 1970). Examination of nucleotide diversity across OGs
that were each separated into functional protein domains revealed the most diversity
in LRRs and steadily decreasing diversity in the other protein domains (LRR > NB >
TIR/CC) across all major classes and subclasses (fig. 3.5b).
Our assessment of balancing selection and purifying selection via Tajima’s D (TD)

showed a similar distribution across TNLs, CNLs and NLs (fig. 3.5d). All classes contain
extremes in both directions. Notably, TNLs exhibited a shift towards a lower TD, an
effect largely driven by core- and shell-type OGs.

3.4.7. Linking Diversity to Function

Because NLRs that had been experimentally implicated in resistance to biotrophic
pathogens showed enhanced diversity, we sorted OGs by resistance to adapted biotrophs
(Hyaloperonospora arabidopsidis), non-adapted biotrophs (Albugo candida), hemibio-
trophs (mostly Pseudomonas spp.). OGs that provide resistance against adapted bio-
trophs are significantly more diverse than other categories (fig. 3.6a; ANOVA and Tukey’s
HSD p < 0.01), suggests that host-adapted biotrophic pathogens are driving diversifica-
tion of NLRs more than other pathogens. That RNL helper NLRs have low diversity is
consistent with their requirement to function with several sensor NLRs (Bonardi et al.
2011; Wu et al. 2017).
Among the OGs with the lowest Tajima’s D values, a prominent example was RPM1,

which confers resistance to hemibiotrophic bacterial pathogens, and for which an ancient,
stably balanced presence/absence polymorphism across A. thaliana is well established
(Stahl et al. 1999). OGs that provide resistance to adapted biotrophs tend to have
higher Tajima’s D values, indicating that they experience not only diversifying, but
also balancing selection. Two OGs with high Tajima’s D values are the paired NLRs
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Figure 3.5.: Nucleotide- and haplotype diversity
TNL OGs (yellow), CNL OGs (blue), and NL OGs (green) are shown in core, shell, and cloud. a)
Nucleotide diversity on gene level b)Nucleotide diversity on domain level c) Haplotype Diversity d)
Tajima’s D

55



3. Approaching saturation of the A.thaliana pan-NLR’ome

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

0.1

0.11

0.12

0.13

Biotroph
(adapted)

Biotroph
(non-adapted)

Hemibiotroph Helper Other

WRR12A
WRR9
WRR4
WRR8

RPP13
RPP7
RPP2A

RPP2B

RPM1
ZAR1

RRS1B
RPS6

RPS5

ADR1-L2
ADR1

ADR1-L1
NRG1.1

RLM3

DSC1
SNC1

RLM1

RPP39
RPP4
RPP8

HR1

LAZ5

RFL1−RPS5

WRR4

RPS4B−RRS1B

RPS4−RRS1

SOC3−CHS1

CSA1−CHS3

Group

Control

Sensor−Executor

Tajima's D (Gene 2)

Ta
jim

a'
s 

D
 (

G
en

e 
1)

-2.5

0

2.5

5

-2 -1 0 1 2 3

N
uc

le
ot

id
e 

D
iv

er
si

ty
 (

G
en

e 
le

ve
l)

a b

0.02

9911|T514-R1

9545|T181-R1

9610|T117-R1

9654|T347-R1

6909|AT5G17880.1

7273|T157-R1

7111|T110-R1

9536|T343-R1

6899|T073-R1

9871|T058-R1

7167|T370-R1

9837|T104-R1

9533|T115-R1

9543|T125-R1

9100|T242-R1

9134|T133-R1

9792|T116-R1

6974|T211-R1

7328|T146-R1

7322|T343-R1

7396|T381-R1

9580|T092-R1

6939|T432-R1

9669|T222-R1

7416|T487-R1

7308|T263-R1

9600|T583-R1

9869|T037-R1

6924|T129-R1

9550|T242-R1

9784|T095-R1

9557|T082-R1

9721|T109-R1

6981|T235-R1

5993|T199-R1

9879|T266-R1

7373|T238-R1

9658|T167-R1

1925|T213-R1

9542|T077-R1

9332|T252-R1

7063|T471-R1

10015|T140-R1
7058|T353-R1

5784|T079-R1

9549|T272-R1

9518|T076-R1

9947|T015-R1

108|T157-R1
9597|T554-R1

7288|T118-R1

9537|T084-R1

7067|T119-R1

9944|T319-R1

6906|T136-R1

9554|T073-R1

9762|T114-R1

9887|T048-R1

9134|T134-R1

9550|T243-R1

9543|T126-R1

9944|T328-R1

9545|T182-R1

9557|T083-R1

9669|T221-R1

7417|T200-R1

9654|T390-R1

7308|T174-R1

9542|T076-R1

9518|T075-R1

9879|T265-R1

1925|T211-R1

9583|T407-R1

9911|T571-R1

9764|T534-R1

9549|T204-R1

9600|T518-R1

9762|T113-R1

9332|T251-R1

9533|T114-R1

9947|T014-R1

6899|T074-R1

5784|T078-R1

9784|T096-R1

9658|T166-R1

9792|T117-R1

6906|T135-R1

7328|T145-R1

9837|T105-R1

6939|T605-R1

10015|T139-R1

9554|T074-R1

7288|T119-R1

9887|T047-R1

7415|T412-R1

6974|T210-R1

6924|T128-R1

9537|T085-R1

9580|T091-R1

9610|T119-R1

5993|T200-R1
7273|T156-R1

6909|AT5G17890.1

6981|T234-R1

9871|T059-R1

7111|T111-R1

9869|T038-R1

9721|T110-R1

7067|T120-R1

9100|T241-R1

100

100

100

100

100

100

100

NBTIRTIR NB LRR

NBTIR NB LRR

NB LIM DA1TIRTIR NB LRR LIM DA1-like

OG90.1

OG130.1

i

ii

c

Figure 3.6.: R genes against biotrophic pathogens have enhanced diversity and
sensor/executor-like pairs suggest intra-pair co-evolution
a) Nucleotide diversity distributions by functional class. Function was assigned to
OGs where possible from five categories: Biotroph (adapted), Biotroph (non-adapted),
Hemibiotroph, Helper and Other. b) Plot of sensor/executor and control pairs, where
pair member’s OG Tajima’s D values are plotted against each other, across pairs. Also
shown are several exemplary pairs. c) Diagram including the phylogenetic tree of two
orthogroups which form a sensor/executor pair (OGs 90.1 and 130.1). Lines drawn be-
tween the phylogenies denote where the OG members come from the same accession.
Scale schematic diagrams display the architecture of a selected protein from within that
clade and are representative of their clades, which include minor variations.
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3.4. Results

CSA1 (OG91) and CHS3 (OG130). CHS3 featured two very different groups of alleles
distinguished by the presence of LIM and DA1-like IDs (Xu et al. 2015). This pattern
was perfectly mirrored by the one for CSA1, the paired ‘executor’ partner NLR of CHS3
(fig. 3.6c). Tajima’s D values within sensor-executor pairs encoded in head-to-head
orientation were correlated whereas other closely linked NLR genes or random pairs
were not (fig. 3.6b, table 3.B.5).
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3.5. Discussion

We defined the full species repertoire of the gene family that encodes NLR immune
receptors in the model plant A. thaliana. Our most important finding is perhaps that
the pan-NLR’ome inventory became already saturated with ∼40 accessions randomly
selected from the 65 accessions we analyzed. Before our work, it was known that there
was excessive variation at some NLR loci, such that in the small number of accessions
in which the relevant genomic region was analyzed in detail, every accession was very
different (Noel 1999; Rose et al. 2004), suggesting that there were dozens, if not hun-
dreds of substantially different alleles. The fact that our pan-NLR’ome saturates with
∼40 accessions indicates that the number of divergent alleles is not unlimited. It also
provides some guidance for future efforts in other species. Among functionally annotated
genes, we found the highest sequence diversity in NLR resistance genes whose products
recognize evolutionarily adapted biotrophic pathogens.
We have also found an astonishing diversity of IDs, which allow hosts to rapidly accrue

the ability to recognize the biochemical action of pathogen effector proteins. ID contain-
ing NLRs that have been functionally characterized are all found in paired orientation.
In these pairs, the ID member functions as pathogen sensor, and the other member as
signaling executor (Cesari et al. 2014; Le Roux et al. 2015; Narusaka et al. 2009; Sar-
ris et al. 2015; Xu et al. 2015; Zhang et al. 2017), with both members contributing to
repression and activation of NLR signaling (Ma et al. 2018). The correlation between
Tajima’s D values of such paired NLRs support a co-evolutionary scenario whereby mu-
tations into the sensor component lead to compensatory changes in the executor, or vice
versa.
However, half of the 22 most commonly found IDs did not occur in an arrangement

indicative of sensor/executor pairs. An open question is whether these function with un-
linked executor partners, or whether they can function as dual sensor/executor proteins.
Within the A. thaliana pan-NLR’ome, we identified three key families of defense-related
TCP, WRKY and CBP60 transcription factors, represented as IDs in sensors of the class
defined by RRS1. TCP domains are particularly interesting, as TCP transcription fac-
tors are preferentially targeted by pathogen effectors from divergently evolved pathogens
(Mukhtar et al. 2011; Sugio et al. 2014; Weßling et al. 2014; Yang et al. 2017). The TCP
domain may open a new avenue to engineering of NLR specificity, through TCP swap
or inclusion of known effector-interacting platforms from TCP14 (Yang et al. 2017), as
recently proven with protease cleavage site swaps (Helm et al. 2018; Kim et al. 2016).
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3.7. Online Methods

We characterized NLR gene variation in A. thaliana. NLR’omes were generated for a di-
verse set of accessions by targeted sequencing of long NLR containing fragments (SMRT
RenSeq). R gene enrichment sequencing (RenSeq) is a targeted enrichment strategy
that uses synthetic biotinylated RNA probes to capture DNA based on similarity (Jupe
et al. 2013). Witek and collaborators (Witek et al. 2016) combined RenSeq with PacBio
(SMRT RenSeq), to obtain long and curated reads that were used to unambiguously
define NLR clusters, map and clone novel resistance genes (Witek et al. 2016). This
method allows the specific sequencing and assembly of an organism’s NLR gene comple-
ment, and several kilobases of flanking DNA sequences.

NLR genes were assembled, annotated, and classified by domain content. The core-
and pan-NLR’ome was defined using orthogroups, and variation saturation was shown.
Haplotype saturation was shown, and the selective forces that act on specific NLRs,
domains, and positions were quantified. Evolutionary coupled co-evolving NLRs were
detected.

3.7.1. NLR’ome Generation

3.7.1.1. Accession Selection

A. thaliana accessions were selected to attempt to cover the species’ NLR gene diver-
sity. For that, we sequenced the NLR’ome of 65 accessions that include a subset of 20
naturally occurring diverse accessions known as ’relicts’ (mostly Iberian accessions that
contain an unusually high amount of genetic diversity) (1001_Genomes_Consortium
2016), a subset of 19 in-lab selected phenotypically diverse panel known as MAGIC
founders (Kover et al. 2009; Scarcelli et al. 2007), and a set of remaining accessions with
high diversity on whole genome level and representing the different known haplotypes
(1001_Genomes_Consortium 2016) (table 3.B.2).

3.7.1.2. Accession Verification

Routine seed stock genotyping prevents sample contamination (Pisupati et al. 2017).
At a late stage of this project, 46 accessions were re-sequenced as part of a routine
seed stock verification effort and the accessions were determined using SNPmatch as
described (Pisupati et al. 2017). Three mis-labeled accessions were found in our dataset
(Identifiers 7063, 9911, 9658). Their accession names and accession IDs from the 1001
genomes project were corrected and reported. For the sake of contiguity, their identifiers
were not changed.

3.7.1.3. SMRT RenSeq

Genomic libraries were enriched for NLRs and sequenced using PacBio long read tech-
nology. Library preparations were performed collaboratively in three labs (UNC, MPI,
and TSL) with only minor handling differences. DNA was extracted and fragmented to
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2-5kb pieces for long read circular consensus sequencing (CCS). It was prepared using
either the DNeasy plant Maxi kit (UNC), a custom high molecular weight DNA extrac-
tion protocol (MPI), or grinding in Shorty buffer (20% 1M Tris HCl pH 9, 20% 2M LiCl,
5% 0.5M EDTA, 10% SDS, 45% dH2O), followed by phenol chloroform extraction and
precipitation with isopropanol (TSL). DNA was fragmented into shorter pieces using
either Covaris Red miniTubes (Intensity=1, DutyCycle=20%, Cycles per Burst=1000,
Treatment time=600s, Temperature=20°C, Water level=15, Sample volume=200µl) or
Covaris g-tubes using manufacturer instructions for a targeted size of 6kb. The DNA
was purified using 0.4x AMPure XP beads according to the manufacturer’s instructions.
Libraries for NLR enrichment were constructed using the ‘NEBNext Ultra DNA Li-

brary Prep Kit for Illumina’. Sixteen accessions from TSL were prepared for multiplexed
sequencing, by introducing custom barcoded adapters (dual 8 bp index) instead of the
standard ones (table 3.B.1). For the PCR amplification, 5-10µl adaptor ligated DNA
was used together with 25µl 2xKAPA HiFi HotStart ReadyMix, 1µl Index and Universal
PCR Primer, and 13-18µl water (to a total volume of 50µl). Initial Denaturation (94°C
for 4min) was followed by at least 8 cycles (denaturation: 94°C for 30sec, annealing:
65°C for 30sec, extension: 68°C for 4min) and a final extension (68°C for 10min).
The genomic libraries were enriched for NLR genes. Roughly 1.4 Mb of the reference

Col-0 A. thaliana genome contains NLRs. Baits were designed to hybridize with NLR
containing genomic DNA regions, and only bound fragments were sequenced. 20,000
synthetic 120 nt biotinylated RNA probes (bait library), complementary to 736 known
NLR genes from A. thaliana TAIR10 (Swarbreck et al. 2008), Arabidopsis lyrata (Hu
et al. 2011), Brassica rapa (Wang et al. 2011), Aethionema arabicum (Haudry et al.
2013) and Eutrema parvµlum (Yang et al. 2013), were ordered as a MYbaits kit (My-
croarray, now Arbor Biosciences, USA). For select Arabidopsis genes additional alleles
were included, as well as manually selected non-repetitive intron regions to improve
capture in genes with introns longer than 350 bp. 100-500 ng of the libraries were hy-
bridized with the baits using half of the reaction volume suggested in MYbaits v3.0
protocol with the following modifications: For each capture reaction, hybridization mix
was prepared using 10µl Hyb#1, 4µl Hyb#3, 0.4µl Hyb#2 and 0.4µl Hyb#4; library
mix with 2.5µl SeqCAP (Roche), 0.3µl Block#3 and 3µl gDNA Library; capture mix
with 2.5µl Bait library and 0.5µl RNase block. Following the manufacturer’s cycling con-
ditions, we brought the mixes to a hybridization temperature of 65°C and transferred
5µl of the library mix and 5.5µl of the hybridization mix to the baits. After 16 to 24
hours hybridization the enriched libraries were recovered using 50µl Dynabeads MyOne
Streptavidin C1 beads (Invitrogen). Binding and washing was carried out according to
Mybaits 3.0 manual without the use of Hyb#4. Incubation of the captured libraries
with the streptavidin beads was increased to 45 minutes. 30µl molecular biology grade
water was used to re-suspend the DNA. The captured libraries were amplified for 18-30
cycles using the KAPA HiFi DNA Polymerase and the protocol for cycling conditions
given in the previous paragraph.
Libraries were prepared for long read sequencing. PacBio libraries for MPI data were

prepared using the ‘2 kb Template Preparation and Sequencing’ protocol, and were size
selected for 2-5kb using a BluePippin (0.75% Agarose Dye-Free/0.75% DF 2-6kb Marker
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S1, Start=2000, End=2000). PacBio library prep for UNC data was done using the
manufacturer’s recommended procedure for 5kb template preparation and sequencing,
and size selection for fragments over 3kb was done using a SAGE-ELF apparatus (SAGE
Science) using 0.75% gel cassettes, size-based separation mode, target value 3kb and
target well 10. All wells containing fractions above 3kb were pooled. Libraries for TSL
data were prepared by size selecting fragments >3kb from the captured library using a
SAGE-ELF apparatus (SAGE Science) as described above.

Quality control of all libraries was performed using Qubit (Invitrogen) and Bioanalyzer
(Agilent). The PacBio RS II sequencing platform and P6-C4 chemistry was used to
sequence each accession or multiplexed pool on individual SMRT cells. Sequencing of
several accessions was repeated in order to obtain sufficient output reads (table 3.B.3).

3.7.1.4. Read Correction

Raw reads were used to produce highly accurate corrected reads. Circular consensus
sequencing produced overlapping raw reads that were self-corrected to consensus reads
which reduces the read error from 17% to 2% (CCS; version 2.0.0; defaults; Travers et al.
(2010). Where indexing was employed, corrected sequences were de-multiplexed using
a custom script. One combined CCS read dataset was created for accessions that were
sequenced on more than one SMRT cell. Only CCS reads with more than 99% per base
accuracy were considered further (fig. 3.A.13a).

3.7.1.5. Assembly

Reads were assembled to rebuild NLR containing regions (Canu; version 1.3; -pacbio-
corrected, trimReadsCoverage=2, errorRate=0.01, genomeSize=2m; Koren et al. (2017)).
Expected genome size was adjusted to 2Mb which reflects the proportion of the genome
captured with RenSeq (1.4Mb NLR genes + flanking regions). Error rate reflected the
input data quality after read correction. Read ends were trimmed using a minimum
evidence of two reads. Contigs were removed if they were fully contained in a larger
contig with >99.5% identity. The final assembly size and contig length distribution can
be seen in fig. 3.A.13b.

3.7.1.6. Annotation

Coding and non-coding elements were annotated. Evidence and profile based methods
were integrated in the MAKER pipeline (version 2.32; pred_flank=150, keep_preds=1,
split_hit=3200, ep_score_limit=95, en_score_limit=95; Campbell et al. (2014)). Genes
were predicted with AUGUSTUS (version 3.1.0; defaults; Stanke et al. (2004)) and SNAP
(version 2006-07-28; defaults; (Korf 2004)). AUGUSTUS used the default ’arabidopsis’
profile for gene prediction, and SNAP used a custom Hidden Markov Model (hmm)
based on NB-ARC and/or TIR containing genes. Gene predictions were improved using
Col-0 proteins and transcripts from Araport11 (Araport11_genes.20151202.pep.fasta,
Araport11_genes.20151202.mRNA.fasta; Araport Prerelease (2018)).
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Protein and transcript evidence was considered only if its mapping quality was high
enough (see above for ep_score_limit and en_score_limit). Repeat-masked regions
were not used for gene prediction (RepeatMasker; version open-4.0.5; model_org= ara-
bidopsis; Smit et al. (2018)).

Capsella rubella and Arabidopsis lyrata reference annotations were revised to cre-
ate reliable sets of NLRs for those outgroups. Reference annotations, evidence and
gene predictions were integrated in MAKER. RNA-seq data guided gene prediction with
BRAKER1 (version 1.9; defaults; Hoff (2016)). Reads from silique, root, stem, leaf, and
flower (PRJNA336053; PE; 100bp; 5-10MB; Wang et al. (2016)) were mapped to the
reference genomes using HISAT2 (version 2.0.5; –no-mixed –no-discordant; Kim et al.
(2015)). Mapped reads guided gene prediction and were also used to assemble tran-
scripts (Cufflinks; version 2.2.1; defaults; Trapnell et al. (2012)). Gene predictions were
compared to reference gene annotations using MAKER (pred_gff, model_gff). Evidence
mappings were used to choose the best annotation per locus. Reference genomes and
annotations were taken from Phytozome (Phytozome 2018a,b). Assembled transcripts
acted as the primary evidence (est_gff), re-annotated A. thaliana NLR transcripts and
proteins were used as alternative evidence (altest, protein).

3.7.1.7. Web Apollo

Gene models were integrated into Web Apollo for manual inspection (version 2.0.4;
http://ann-nblrrome.tuebingen.mpg.de/annotator/index; Lee et al. (2013)). Biological
evidence lines were added to evaluate the quality of the gene models.

Transcripts and proteins from Col-0 showed the similarity of a gene model to reference
gene annotations. Conserved genes were detected by mapping proteins and transcripts
strictly with a minimal mapping score of 95%, duplicated and diversified genes were
detected using a more relaxed minimal mapping score of 50% (Exonerate; version 2.2.0;
Slater et al. (2005)). Pseudogenes were also detected using the relaxed mapping score.

Protein domains indicated conserved parts in genes. They were predicted for gene
models and for AUGUSTUS gene predictions using Pfam hmms and coiled coils (InterPro-
Scan; version 5.20-59.0; -dp -iprlookup -appl Pfam,Coils; Zdobnov et al. (2001)). The
predicted genes were added to see how well they agreed with the final gene models.
Genes from AUGUSTUS and SNAP predictions were used.

Repeats often mark genomic regions with complicated annotations. RepeatMasker
results were visualized. Diverged repeats in outgroups were additionally masked and
visualized (repeat_protein=te_proteins.fasta provided by MAKER).

Raw reads showed the reliability of contig assemblies. Positions were more reliable if
many reads could be mapped (pbalign; version 3.0; defaults; Tyagi et al. (2008)) and
if many reads were used to construct the contig at that position (see section 3.7.1.5).
RNA-seq transcripts and mapped reads indicated intron-exon boundaries.
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3.7.1.8. Manual Reannotation

Genes containing NB-ARC or TIR domains were manually inspected to create accurate
and reliable annotations (section 3.C.1). Gene models were evaluated using biological
evidence in Web Apollo. Incorrectly fused genes were split, and incorrectly split genes
were merged. Col-0 protein and transcript mappings were used to detect wrongly fused
or split gene models. Genes were split if several proteins or transcripts mapped next
to each other within one model. Genes were merged if protein or transcript mappings
spanned several models. Both cases often showed disagreeing gene predictions. Addi-
tional features of fused genes were extremely long introns, or pseudogene mappings.

Gene structures were corrected. Intron-, exon-, and UTR boundaries were refined, and
alternative splice forms were added. Evidence from protein and transcript mappings,
as well as RNA-seq read mappings was considered. Genes were flagged with ’corbound’
if exon-intron structures were changed without direct protein or transcript evidence,
and ‘cortrans’ was used, if translation start points were changed. Exceptions were de-
tected and evaluated. Non-canonical splice sites were confirmed using reference proteins
and transcripts. Rare erroneous reference annotations were corrected using TAIR10
annotations (TAIR 2018). Genes were flagged with ‘pseudogene’ if a pseudogene from
Araport11 was aligned to the same region.

Incomplete genes and incorrectly annotations were flagged. Genes at contig borders
were flagged as ‘truncated’ if confirmed by protein or transcript mappings. Rarely,
genes were extensively changed to rescue domain structures. These genes were flagged
with ‘mod’. Wrong gene models due to misassembled contigs were detected. Genes were
flagged with misassembly’ if base calls were contradicted reliably by CCS read mappings.

Manual re-annotation was necessary to secure the reliability of NLR gene models1.

3.7.1.9. Paired NLRs

We generated a list of paired NLRs containing the nine Col-0 divergently transcribed
TNLs sharing a genetic arrangement similar to the RPS4/RRS1 pair (Narusaka et al.
2009). We added seven additional divergently transcribed pairs identified by manual
inspection of 138 Col-0 genes that contained a TIR domain. We also used a CNL
clone list (Dangl lab, unpublished) to mine the Col-0 genome for consecutive genes and
included six paired CNL-CNL loci, of which only two are divergently transcribed. During
manual curation we further identified one divergently transcribed pair of TNLs with no
Col-0 allele and included it, too.

Identification of sensor-executor pairs To further examine pair evolution, we made
a narrower list of pairs. These are in head to head genetic orientation (in either the
Col-0 reference genome, or in the assembled contigs where these gene pairs exist) and
phylogenetically in the clades containing either RPS4 or SOC3 executor TNLs or the

1The final version of the manuscript will contain a link to the re-annotated gff files. Currently, this
data is not publicly accessible.
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clades containing RRS1 or CHS1 sensor TN(L)s. The NB domain alignment based
phylogeny used to make this decision is presented in fig. 3.A.2.
There are 16 such pairs identified in the pan-NLR’ome, two of which do not appear

in the Col-0 reference genome. As a control group to test the possibility that genetic
proximity could lead to co-evolution or conservation of popµlation genetic characteristics,
we identified a set of control pairs. These are pairs of NLR-encoding genes that are less
than 4kb apart in the Col-0 reference genome, but are not classified as sensor/executor
pairs. We identified 15 such pairs, a list of all pairs is provided in table 3.B.5.

3.7.1.10. Classification

Each gene that contained an NB, a TIR, an RPW8 domain, or a combination of those
was defined as an NLR. The presence of LRR or CC motifs alone did not suffice our
criteria. As a first subdivision (fig. 3.1c), we defined TNLs (at least a TIR domain),
CNLs (CC+NB domain), RNLs (at least a RPW8 domain), and NLs (at least a NB
domain).
The second subdivision defined 26 different groups by the different combinations of

TIR, CC, NB, RPW8, LRR, and X (other Integrated Domains (ID)) independent of
arrangement and number (fig. 3.A.1).
As mentioned earlier (see section 3.7.1.7), protein domains were predicted using Pfam

hmms. Coiled-coil (CC) motifs were refined in NLR genes using a majority vote from
different prediction programs. In order to secure the correct annotation, Coils (2.2.1;
InterProScan-defaults; Lupas et al. (1991)), Paircoil2 (defaults; McDonnell et al.
(2006)), and the NLR-parser (v.2; defaults; Steuernagel et al. (2015)) predictions were
compared to each other. Coils and Paircoil2 both use databases of many known coiled-
coils, whereas the NLR-parser uses two NLR-specific coiled-coil motifs (motif16 and
motif17) (Steuernagel et al. 2015). CC signatures were considered credible if overlapping
predictions existed in at least two of the three methods. Notably, CCs of functional NLRs
previously published as CNLs are not always confirmed (table 3.B.6).

3.7.1.11. Architectures

An architecture is defined as the collapsed protein domain set in an NLR gene. Domains
occurring multiple times are reported only once fig. 3.A.3b). The domain annotations,
as well as the ordered and the collapsed architectures are available on github.2

A high order domain composition classification distinguishes between canonical and
non-canonical domain architectures. Canonical architectures are strictly composed by
any combination of NB (Pfam accession PF00931), TIR (PF01582), RPW8 (PF05659),
LRR (PF00560, PF07725, PF13306, PF13855), or the Coiled-Coil structural motifs
(fig. 3.A.3a) ). Non-canonical architectures contain at least one ID, as defined in Baggs
et al. (2017).

2The final version of the manuscript will contain a link to a github folder that contains this information.
Currently, this folder is not publicly accessible.
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To be able to compare the pan-NLR’ome to the reference Col-0 accession, we removed
the Col-0 RenSeq dataset before performing the architecture analyses (section 3.4.3).

In order to identify novel and recurring domain arrangements, we compared the refer-
ence Araport11 Col-0 NLRs, with the pan-NLR’ome and the NLR’ome of 22 Brassicaceae
species (table 3.B.7). In all domain architecture comparisons, we explicitly excluded the
Col-0 RenSeq gene models to enable the comparison to the reference Col-0, and included
the Brassicaceae sets, whenever required.

3.7.2. Figure Generation

All figure panels were generated using R (version 3.4.4; R Development Core Team
(2008)) and RStudio (several versions; RStudio Team (2015)), if not stated otherwise.
Used packages included ggplot2, rworldmap, yarrr (pirate plots), UpSetR (to visualize
intersections), PerformanceAnalytics (Correlation plots), karyoploteR (OG-anchoring to
Col-0 reference genome). Phylogenetic trees were visualized using iTOL (Letunic et al.
2016).

3.7.3. Pan-NLR’ome Generation

3.7.3.1. Generation

The pan-NLR’ome of A.thaliana was constructed using a protein-clustering approach.
Each protein cluster contained a set of homology-related NLRs from different acces-
sions, and was termed an ’orthogroup’. Singletons were proteins that did not cluster
with any other protein. Protein clusters were generated with a three step procedure. All-
against-all protein alignments were produced (DIAMOND; version 0.9.1.102; –max-target-
seqs 13169 –more-sensitive –comp-based-stats; Buchfink et al. (2014)). Putative orthol-
ogy and inparalogy relationships were identified (orthAgogue, commit 82dcb7aeb67c,
–use_scores –strict_coorthologs; Ekseth et al. (2014)). Protein clusters were formed
based on the orthology information (mcl; version 12-135; -I 1.5; Enright (2002)).

3.7.3.2. Refinement

The initial set of orthogroups was inspected for over-clustering by screening for par-
alogs within orthogroups. A protein alignment for each orthogroup with more than 4
members was generated (T-Coffee; version 11.00.8cbe486; mode mcoffee; Neelabh et
al. (2016)). Protein sequence alignments were converted into the corresponding codon
alignments (PAL2NAL; version 14, defaults; Notredame et al. (2000)). The resulting codon
alignment was used to remove three different types of outliers, namely non-homologous,
partly mistranslated and low similarity sequences (OD-seq; version 1.0; –analysis boot-
strap; Jehl et al. (2015)). The remaining core sequences for each outgroup were again
aligned in protein space. The protein alignments were converted into the corresponding
codon alignments and used to infer a phylogenetic tree (FastME; version 2.1.5.1; -s -n
-b 100; Lefort et al. (2015)). Each tree was used to detect simple paralogs (duplica-
tions in terminal branches) and complex paralogs (duplications spread across the whole
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phylogeny). For orthogroups where less than or equal to 5% of its accession members
showed duplications, all paralogs were removed. Otherwise the tree was split at (ac-
cession) duplication events (ete3; version 3.0.0b36; Huerta-Cepas et al. (2016)) and
new orthogroups were created from the leaves of all resulting sub trees. Protein, codon
alignments and trees were re-computed as stated above.

3.7.3.3. Annotation

The final set of refined orthogroups was annotated with metadata derived from transcript-
based majority votes (e.g., classes), transcript-based counts (e.g., members with IDs,
members flagged as paired, members flagged as clustered) or orthogroup-based counts
and analysis (e.g., type, diversity statistics, positive selection, average tree branch
length). Refined orthogroups were classified into three size-based categories after vi-
sual inspection of the orthogroup size density distribution fig. 3.3. Orthogroups with
less than 13 members were typed as ’cloud’, orthogroups with at least 52 members ’core’,
and those in between were typed ’shell’.
We classified orthogroups using protein domain architectures. We assigned a class and

subclass to each orthogroup by using the majority vote from its members’ architectures.
Diversity and neutrality statistics were calculated for each codon alignment of the

refined orthogroups using PopGenome (version 2.2.4; Pfeifer et al. (2014)). The average
tree-derived branch length for an orthogroup was defined as the sum of all branch lengths
normalized by the orthogroup size. Positive selection tests were carried out using HyPhy
(version 2.3.13; Pond et al. (2005)) using codon alignments and corresponding trees.
Pervasive diversifying positive selection was detected with FUBAR (version 2.1; default
parameters, Murrell et al. (2013)) and sites considered with a posterior probability >=
0.95. Episodic diversifying positive selection was detected with MEME (version 2.0.1; de-
fault parameters; Murrell et al. (2012)) and sites considered with a p-value threshold
<= 0.01. An average expression percentage was estimated for each orthogroup using
RNA-Seq data from the 1001 Genomes collection (Kawakatsu et al. 2016). For each
accession, a pseudo-transcriptome was generated from the accession-specific NLR tran-
scripts and all non-NLR transcripts from the reference Col-0. The NLR genes’ introns
were added to the pseudo-transcriptome for expression filtering. Transcript abundance
was quantified with pseudoalignments of RNA-Seq reads from 727 accessions of the 1001
Genomes collection (kallisto, v.0.43.0, –single -l 200 -s 25 -b 100 –bias; Bray et al.
(2016)). The data was further processed with R (v.3.4.1). Abundance was normalized
(DESeq2; v.1.16.1; estimateSizeFactor; Love et al. (2014)) and expressed NLRs were de-
fined using a per-accession expression threshold. Expression counts from introns were
used to compute a background expression density distribution and subtracted from the
density distribution of all NLR expression counts. The lowest expression level with a
density >0 was used as minimum expression threshold. On average, NLRs were consid-
ered expressed with an expected count >= 175. Finally, for each NLR, the percentage of
accessions that provided reliable expression was calculated. Furthermore, we consulted
the AtGenExpress expression atlas to gauge absolute expression level, bias in leaf vs
root specificity of expression and the pathogen inducibility of Col-0 NLRs. NLR genes
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were broadly divided into low, medium and high expression groups, based on whether
at least two samples had absolute signal values in the developmental data sets that were
20 < expression < 100, 100 < expression < 1,000, 1,000 < expression. Genes that had
generally absolute signal values below 20 were characterized as marginally expressed. If
average expression in leaf and rosette samples was at least twice of that in root samples,
or vice versa, genes were considered tissue biased in expression. Note that differences
between tissues can be much larger, exceeding 100 fold. Pathogen inducibility was as-
sessed from the AtGenExpress pathogen data set, based on consistent induction by at
least two pathogen-related stimuli. The final Col-0 NLR annotation was amended to
the respective orthogroups.

3.7.3.4. Visualization

Raw orthogroups and corresponding metadata were integrated in iTOL (Letunic et
al. 2016) for visualization and reinspection (https://itol.embl.de/shared_projects.cgi,
iTOLlogin: fbemm).

Protein trees showed the evolutionary history of each orthogroup. Similarity between
members was also reflected in branch lengths and bootstrap values. The multiple se-
quence alignment showed sequence variation on base pair level. The identifiers of refined
orthogroups were added to show over-clustered orthogroups and outliers. The domain
architecture and the protein length was plotted to compare orthogroup members struc-
turally. Transposable elements (TEs) are known to influence gene activity or be the
cause of gene duplication. TEs in exons, introns, and 2kb up- or downstream of NLRs
were integrated in iTOL.

Sub-clustering might be related to accession-based metadata, thus we included for
each protein if its accession belonged to the relict group, the geographic origin, and the
admixture group.

A few misannotated genes (table 3.B.4) were detected in OGs and removed from the
NLR’ome.

3.7.4. Saturation Analysis

Orthogroup stability determined the saturation of our dataset. Accessions were ran-
domly removed and the number of remaining orthogroups served as a proxy for sat-
uration. Accessions were removed in steps of one, and each step was repeated 10000
times.

3.7.5. Assembly Quality

3.7.5.1. Quality Scores

We used pseudo-heterozygous SNP calls created by mis-mapped reads, as a measurement
for assembly quality. A read that couldn’t be mapped to its correct NLR origin because
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the NLR was not assembled, instead mapped to a similar NLR and created pseudo-
heterozygous SNPs. The quality was calculated from the ratio of pseudo-heterozygous
SNPs and the total amount of mapped bases.
The pseudo-heterozygosity was determined using the corrected CCS reads. A pseudo-

genome was constructed for each RenSeq assembly by combining the assembled contigs
with chromosomes from the tair10 reference. To avoid mis-mappings, non-NLRs were
masked on the RenSeq contigs, and NLRs were masked on the reference chromosomes
(fig. 3.A.3c)). CCS reads were then mapped to those pseudo-genomes (minimap2; 2.9-
r748-dirty; -x map-pb; Li (2018b)). SNPs were called for NLR genes using high quality
mappings only (htsbox pileup; r345; -S250 -q20 -Q3 -s5; Li (n.d.)).
The number of pseudo-heterozygous sites (hetsites) was compared to the total number

of mappable NLR gene bases (totalsites).The quality was calculated as logarithmically
linked to the ratio of pseudo-heterozygous calls to the total amount of mapped bases
(fig. 3.A.13d).

3.7.5.2. Completeness Assessment

The completeness of an accession’s NLR complement was derived from quality and com-
pleteness relationships in the reference Col-0. We created the correlation between com-
pleteness and quality for Col-0 sub-assemblies using different amounts of input data. The
corrected CCS reads from Col-0 were sub-sampled from 100% to 1% in 1% steps (seqtk
sample; v.1.0-r82-dirty; defaults; Li (2018a)). 100% of the data correspond to 26 639
reads with a N50 read length of 2846 bases and 77.98Mb sequence in total. The sub-
sampled datasets were assembled with Canu. All genes from the original RenSeq Col-0
assembly were mapped to each sub-assembly to detect assembled NLRs. NLR transcripts
were extracted using those alignments (exonerate; v.2.2.0; –model est2genome –bestn
1 –refine region –maxintron 546; Slater et al. (2005)). The quality of each sub-assembly
was assessed as described above (fig. 3.A.13c). The completeness of a sub-assembly
was determined as the fraction of the full reference Col-0 NLR complement that was
assembled. NLR transcripts were evaluated using rnaQUAST (version 1.5.0; defaults;
Bushmanova et al. (2016)) with the tair10 reference genome and Araport11 NLRs. The
completeness was calculated by dividing the amount of covered NLR genes (in bases) by
the total length of the Araport11 NLRs (fig. 3.A.13c). The relation between complete-
ness and quality of the tested Col-0 sub-assemblies was used to infer completeness values
for the other accessions. Each accession’s quality was used to find the corresponding
completeness value from the tested Col-0 sub-assemblies (fig. 3.A.13d).

3.7.5.3. Similarity to Col-0

We determined if the similarity of an accession to the reference Col-0 influenced its
quality (fig. 3.A.13e). RenSeq assemblies were mapped against the Col-0 assembly
(minimap2; 2.9-r748-dirty; defaults; Li (2018b)) and SNPs were called in NLR gene
regions (htsbox pileup; r345; defaults; Li (n.d.)). Only biallelic SNPs were used to calcu-
late the Identity By State (IBS) value for each accession compared to Col-0 (SNPRelate_1.10.2;
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method=‘biallelic’; Zheng et al. (2012)).

3.7.5.4. Orthogroup co-occurrence / Anchoring analysis

Annotated non-NLR genes in the 65 accessions were clustered into orthogroups. For
each NLR in an orthogroup, we tested which other NLR or non-NLR orthogroups co-
occurred on the same assembled contig. Co-occurrence matrices were used to calculate
bidirectional matrices showing orthogroups as nodes, and scaled to the number times
an OG-OG co-occurrence was detected (edges). We also obtained per accession OG
co-occurrence matrices to visualize in an UpSet plot the most common OG-OG arrange-
ments observed across contigs. Networks were visualized in Cytoscape v.3.5.1 (Shannon
et al. 2003), running on Java v. 1.8.0_151. Putative paired NLRs were identified by
testing OG enrichment in annotation flags. Enrichment was done by Fisher and hyper-
geometric tests and FDR. All enrichments with a q-value below 0.1 were significant.
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TNL T(L) TN T(N,L)X N NL N(L)X CNL CN C(N,L)X R(C) R(C)N R(C,N)X R(C,N)L

Figure 3.A.1.: For each subclass, the corresponding class is color coded (TNLs:
yellow, NLs: green, CNLs: blue, and RNLs: purple), and classes are in addition
divided by the vertical dashed lines. NLRs are grouped into subclasses by their
domains content: T (TIR), N (NB), C (CC), R (RPW8), and X (all other integrated
domains). Each domain must be present at least once, domains in brackets may be
present. Domain order is not considered. The mean is shown as a solid black
horizontal line and the 95% Highest density Intervals (HDI: points in the interval have
a higher probability than points outside) are shown as solid bands around the sample
mean. All raw data points are plotted as open circles and the full densities are shown
as a bean plot.
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Figure 3.A.2.: Phylogenetic tree of TIR and NB containing proteins
Phylogenetic tree of TIR and NB containing proteins to discriminate sensors and ex-
ecutors in pairs. RPS4/RRS1-like and SOC3/CHS1-like paired TNLs fall into distinct
subclades. These are indicated by color: RPS4-like (Red, executors), RRS1-like (Blue,
sensors), SOC3-like (Green, executors) and CHS1-like (Yellow, sensors). This phylogeny
was constructed by aligning the NB domain ( 240 amino acids) of all TIR and NB con-
taining Col-0 proteins and selected additional representatives of pair flagged orthogroups
(OGs) from the pan-NLR’ome that are not represented in Col-0 (identified by their OG
and protein numbers). NB domains from APAF-1 (Human) and L6 (Flax) were also in-
cluded. Amino acid sequences were aligned with MUSCLE (Neighbor joining clustering),
refined by manual trimming and the phylogeny produced with the WAG+F maximum
likelihood method allowing for 5 discrete Gamma categories. AT4G36140 contains two
distinct NB domains, both of which were included and the second of which clusters with
other RRS1-like NB domains. Scale bar represents amino acid substitutions per site.
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Figure 3.A.3.: Architectures and Pseudo-genomes
a) Examples of NLR domain architecture diversity. On top, a generic NLR, with an
ID (Integrated Domain) shown at the C-terminus. IDs can also be found at the N-
terminus, and more rarely between the three canonical domain types. b) Reduction
of domain combinations by collapsing duplicated/repetitive domains. The number of
NLRs grouped by each of the original architectures is shown on the left, along with one
example that can be visualized in the genome browser (to be released soon). Ellipsis
in the bottom left represent 19 other architectures containing 4,079 proteins exclusively
composed of TIR, NB and LRR domains. The same strategy was applied to all other
architectures containing at least one duplicated domain in the RPW8, NB and CC
classes. c) Pseudo-genome generation. For each accession the pseudo-genome contains
the assembled contigs with non-NLRs being masked, and the reference chromosomes of
the tair10 reference with masked NLRs.
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Figure 3.A.4.: Novel A. thaliana NLR architectures
Full set of the novel A. thaliana NLR architectures. Expands to the architectures in
fig. 3.2e those contributed by only one gene in the NLR’ome. Domain architectures
are shown in the y-axis. The number of NLRs in each architecture is shown in x-axis.
Asterisks indicate the 49 architectures not yet detected in the Brassicaceae family outside
of A. thaliana, or in the reference accession Col-0. Numbers next to y-axis show the ratio
of paired NLRs divided by the total number of NLRs in each architecture.
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Figure 3.A.5.: OG size distribution comparisons
Vertical black lines divide cloud (left section) from shell (middle section) and core (right
section) NLRs. a) Comparison of OG size distributions of TNL OGs (blue) and CNL
OGs (green) b) Comparison of paired (blue) and non-paired (green) OGs c) Comparison
of clustered (blue) and non-clustered (green) OGs d) Comparison of ID-containing (blue)
and non-ID-containing OGs (green)
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Figure 3.A.6.: Distribution of Paired NLRs and NLRs with IDs
Shown is the total number of NLRs in the Cloud (dark blue), the Shell (grey), and the
Core (olive green), and the percentage (white text in the bars).
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Figure 3.A.7.: Orthogroup (OG) co-occurrence network
Threshold set to 10 or more accessions. Annotated NLR (green nodes) and non-NLR
genes (white nodes) clustered into OGs were analyzed for co-occurrence in the same
contig. The number of co-occurrences is represented by grey lines connecting nodes
(edges). The minimal co-occurrence threshold imposed was 10 accessions, but similar
networks can be derived for any number accessions. NLR OGs without a Col-0 allele
(green square nodes) are highlighted in blue boxes. Hypothetically paired OGs not
known in Col-0 are highlighted in orange boxes.
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Figure 3.A.8.: Co-occurrence of OG197.1 and OG208.1
Quantitative co-occurrence of the novel hypothetical paired NLRs in OG197.1 and
OG208.1. Abbreviations: OG, Orthogroup; H2H, Head-to-head; NA, Not available
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Figure 3.A.9.: Co-occurrence of OG205.1 and OG204.1
Quantitative co-occurrence of the novel hypothetical paired NLRs in OG205.1 and
OG204.1. Abbreviations: OG, Orthogroup; H2H, Head-to-head; NA, Not available
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OG 147.1 contig co-occurrences
Architecture: TIR-NB
Genetic arrangement: H2H
Col-0: NA
Ler-0: 7213|T074-R1

OG 148.1 contig co-occurrences
Architecture: TIR-NB-LRR
Genetic arrangement H2H
Col-0: NA
Ler-0: 7213|T075-R1

Figure 3.A.10.: Co-occurrence of OG147.1 and OG148.1
Quantitative co-occurrence of the novel hypothetical paired NLRs in OG147.1 and
OG148.1. Abbreviations: OG, Orthogroup; H2H, Head-to-head; NA, Not available
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Figure 3.A.11.: Co-occurrence of OG102.8 and OG211.1
Quantitative co-occurrence of the novel hypothetical paired NLRs in OG102.8 and
OG211.1. Abbreviations: OG, Orthogroup; H2T, Head-to-tail; NA, Not available
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a

b

Figure 3.A.12.: Nucleotide and Haplotype Saturation
The red cross shows the saturation point. a) Nucleotide saturation. The y-axis shows the
absolute value. b) Haplotype Saturation. The y-axis shows the saturation proportion.
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Figure 3.A.13.: Read and Assembly statistics
a) Read length distribution (Q20-filtered CCS reads) for all accessions (black). The
mean is shown as a solid black horizontal line. The full densities are shown as a bean
plot. The total number of CCS reads (blue circles) and the total number of bases (orange
diamonds) are plotted in addition. b) Contig length distribution (black). The mean is
shown as a solid black horizontal line and the 95% Highest density Intervals (HDI:
points in the interval have a higher probability than points outside) are shown as solid
bands around the sample mean. The full densities are shown as a bean plot. Raw data
points are plotted using black dots. The total assembly size (orange circles) is plotted
in addition. c) Quality (black) and Completeness values (orange) for sub-sampled Col-
0 datasets. The amount of input data for each sub-sampling experiment is shown as
a second x axis. d) Quality (black) and Completeness values (orange) for all RenSeq
accessions. Unfilled circles indicate accessions with qualities larger than any sub-sampled
dataset. The vertical black line is drawn at 95% Completeness. e) Correlations between
the Assembly Quality, the amount of Input Reads, the amount of Input Bases [bp], the
Read Length N50 [bp], and the Similarity to Col-0 are shown for the RenSeq datasets.
Histograms and kernel densities (red line) are plotted for each variable. Scatter plots for
variable pairs are shown together with a fitted line (red) and the Pearson’s correlation
coefficient (significance 0 ‘***’,0.001 ‘**’, 0.01 ‘*’, 0.05 ‘.’, 1 ‘ ’).
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3.B. Supplemental Tables

Table 3.B.1.: Used oligo sequences
oligo name oligo sequence
NEBNext (E6861A) AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
NEBNext (E7350/E7335) CAAGCAGAAGACGGCATACGAGATnnnnnnGTGACTGGAGTTCAGACGTGTGCTCTTCCGATC*T
AJI_1 CAAGCAGAAGACGGCATACGAGATcgttggttGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_2 CAAGCAGAAGACGGCATACGAGATttctggttGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_3 CAAGCAGAAGACGGCATACGAGATtggcggttGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_4 CAAGCAGAAGACGGCATACGAGATtagtcgttGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_5 CAAGCAGAAGACGGCATACGAGATtggttcttGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_6 CAAGCAGAAGACGGCATACGAGATagagttctGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_7 CAAGCAGAAGACGGCATACGAGATtccattggGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_8 CAAGCAGAAGACGGCATACGAGATccagctggGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
AJI_9 CAAGCAGAAGACGGCATACGAGATgcagacggGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
OF-PacF1 aatgatacggcgaccaccgaGATcgttggttCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF2 aatgatacggcgaccaccgaGATttctggttCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF3 aatgatacggcgaccaccgaGATtggcggttCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF4 aatgatacggcgaccaccgaGATtagtcgttCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF5 aatgatacggcgaccaccgaGATtggttcttCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF6 aatgatacggcgaccaccgaGATagagttctCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF7 aatgatacggcgaccaccgaGATtccattggCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF8 aatgatacggcgaccaccgaGATccagctggCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
OF-PacF9 aatgatacggcgaccaccgaGATgcagacggCTACACTCTTTCCCTACACGACGCTCTTCCGATC*T
Illumina_P5 AATGATACGGCGACCACCGA
Illumina_P7 CAAGCAGAAGACGGCATACGAGAT

Table 3.B.2.: The table shows for each accession the used ‘Identifier’ and the
corresponding 1001 Identifier (1001 id). The accession name (Accession) is given, as
well as the seed stock numbers if known (Stock). The country (Origin) of each
accession is given together with the coordinates (lat and long). It is shown if an
accession belongs to the ‘Relict’ group or is a founder of the MAGIC-lines (MAGIC).

Identifier 1001_id Accession Stock Origin lat long Relict MAGIC
5784 5784 Ty-1 CS78790 UK 56.4 -5.2 0 0
6981 6981 Ws-2 CS76631 RUS 52.3 30 0 0
9134 9134 Yeg-8 CS75475 ARM 39.87 45.36 0 0
9610 9610 Lesno-4 CS77034 RUS 53.04 51.96 0 0
10015 10015 Sha CS22690 AFG 37.29 71.3 0 0
5993 5993 DraIV 6-22 CS76823 CZE 49.41 16.28 0 0
9669 9669 Mitterberg-2-185 CS77086 ITA 46.37 11.28 0 0
9784 9784 Erg2-6 CS76845 GER 48.5 8.8 0 0
9792 9792 Lu4-2 CS77058 GER 48.54 9.09 0 0
1925 1925 MNF-Che-2 CS76185 USA 43.53 -86.18 0 0
6909 6909 Col-0 CS22681 USA 38.3 -92.3 0 1
9100 9100 Lag1-2 CS75441 GEO 41.83 46.28 0 0
9658 9655 Marce-1 #N/A ITA 38.92 16.47 0 0
9721 9721 Schip-1 CS77239 BUL 42.72 25.33 0 0
9533 9533 Cem-0 CS76763 ESP 41.15 -4.32 1 0
9542 9542 Fun-0 CS76872 ESP 40.79 -4.05 1 0
9550 9550 Iso-4 CS7694 ESP 43.05 -5.37 1 0
9554 9554 Lso-0 CS77055 ESP 38.86 -3.16 1 0
9600 9600 Vis-0 CS78848 ESP 39.85 -6.04 1 0
9518 9518 Alm-0 CS76660 ESP 39.88 -0.36 1 0
9537 9537 Cum-1 CS76787 ESP 38.07 -6.66 0 0
9557 9557 Moa-0 CS77102 ESP 42.46 0.7 0 0
9597 9597 Vig-1 CS78843 ESP 42.31 -2.53 0 0
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Table 3.B.2.: continued
Identifier 1001_id Accession Stock Origin lat long Relict MAGIC

6899 6899 Bay-0 CS22676 GER 49 11 0 0
6906 6906 C24 CS22680 POR 40.21 -8.43 0 0
6911 6911 Cvi-0 CS76789 CPV 15.11 -23.62 1 0
9580 9580 Scm-0 CS77241 ESP 38.68 -3.57 0 0
9654 9654 Liri-1 CS77041 ITA 41.41 13.77 0 0
108 108 LDV-18 CS77013 FRA 48.52 -4.07 0 0
9911 9928 BEZ-9 #N/A FRA 44.12 3.77 0 0

6981.2 6981 Ws-2 CS28828 RUS 52.3 30 0 0
7058 7058 Bur-0 CS28124 IRL 54.1 -6.2 0 1
7111 7111 Edi-0 CS28220 UK 55.95 -3.16 0 1
7213 7213 Ler-0 CS28445 GER 47.98 10.87 0 1
7288 7288 Oy-0 CS28591 NOR 60.39 6.19 0 1
7373 7373 Tsu-0 CS28780 JPN 34.43 136.31 0 1
7067 7067 Ct-1 CS28195 ITA 37.3 15 0 1
7186 7186 Kn-0 CS28395 LTU 54.9 23.89 0 1
7273 7273 No-0 CS28565 GER 51.06 13.3 0 1
7396 7396 Ws-0 CS28824 RUS 52.3 30 0 1
7413 7413 Wil-2 TSL-JJ-SP2486 LTU 54.68 25.32 0 1

6909.2 6909 Col-0 CS28167 USA 38.3 -92.3 0 0
7322 7322 Rsch-4 CS28716 RUS 56.3 34 0 1
7415 7415 Wu-0 N6897 GER 49.79 9.94 0 1
7416 7416 Yo-0 CS22624 USA 37.45 -119.35 0 0

7063.2 7063 Can-0 CS28130 ESP 29.21 -13.48 1 1
7328 7328 Sf-2 CS28731 ESP 41.78 3.03 0 1
6939 6939 Mt-0 N1380 LIB 32.34 22.46 0 1
7167 7167 Hi-0 CS28346 NED 52 5 0 1
7308 7308 Po-0 CS28648 GER 50.72 7.1 0 1
6924 6924 HR-5 CS22596 UK 51.41 -0.64 0 0
7417 7417 Zu-0 N6902 SUI 47.37 8.55 0 1
9536 9536 Cor-0 CS76782 ESP 40.83 -2 1 0
7063 7186 Kn-0 #N/A LTU 54.9 23.89 0 1
9543 9543 Gra-0 CS76886 ESP 36.77 -5.39 1 0
9545 9545 Her-12 CS76920 ESP 39.4 -5.78 1 0
9549 9549 Hum-2 CS76943 ESP 42.23 -3.69 1 0
9583 9583 Sne-0 CS77258 ESP 37.09 -3.38 1 0
9837 9837 Con-0 CS76780 ESP 37.94 -5.6 1 0
9871 9871 Nac-0 CS77117 ESP 40.75 -3.99 1 0
9944 9944 Don-0 CS76411 ESP 36.83 -6.36 1 0
6974 6974 Ull2-5 CS78818 SWE 56.06 13.97 0 0
9555 9555 Mar-1 CS77068 ESP 39.58 -3.93 1 0
9598 9598 Vim-0 CS78844 ESP 41.88 -6.51 1 0
9905 9905 Ven-0 CS78840 ESP 40.76 -4.01 1 0
9762 9762 Etna-2 CS76487 ITA 37.69 14.98 1 0
9764 9764 Qar-8a CS76581 LBN 34.1 35.84 1 0
9332 9332 Bar-1 CS76688 SWE 62.87 18.38 0 0
9869 9869 Moj-0 CS77105 ESP 36.76 -5.28 1 0
9879 9879 Per-0 CS77169 ESP 37.6 -1.12 1 0
9887 9887 Pun-0 CS77196 ESP 40.4 -4.77 1 0
9947 9947 Ped-0 CS76415 ESP 40.74 -3.9 1 0
9832 9832 Cat-0 CS76759 ESP 40.54 -3.69 1 0
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Table 3.B.3.: The table shows for each accession (Identifier),which size selection
method was used (Size_Sel: BP=BluePippin, SE=SageElf). The Sequencing Provider
(Seq_Prov) (MPI=Max Planck Institute for Developmental Biology, Tuebingen,
EI=Earlham Institute Norwich, UNC=University of Chapel Hill) and the Sequencing
Facility (Seq_Fac) are given, and the used ‘Library Adaptors’ are shown (for custom
adaptor sequences see table 3.B.1). The table contains the number of sequenced SMRT
cells (cells), and if an accession was sequenced multiplexed (multi). It also shows for
which accessions PCRfree whole genome sequencing short read data (SR) was
produced.

Identifier Size_Sel Seq_Prov Seq_Fac Library_Adaptors cells multi SR
5784 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6981 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9134 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9610 BP MPI MPI/MPGC_Cologne NEBNext_E7351 1 No 1
10015 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
5993 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9669 BP MPI MPI/MPGC_Cologne NEBNext_E7354 1 No 1
9784 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9792 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
1925 BP MPI MPI/MPGC_Cologne NEBNext_E7350 2 No 1
6909 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9100 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9658 BP MPI MPI/MPGC_Cologne NEBNext_E7353 1 No 1
9721 BP MPI MPI/MPGC_Cologne NEBNext_E7355 1 No 1
9533 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9542 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9550 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9554 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9600 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9518 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9537 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9557 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9597 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6899 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6906 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6911 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No NA
9580 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9654 BP MPI MPI/MPGC_Cologne NEBNext_E7352 1 No 1
108 BP MPI MPI/MPGC_Cologne NEBNext_E7350 2 No 1
9911 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1

6981.2 SE EI TSL AJI_6+OF-PacF6 Yes NA
7058 SE EI TSL AJI_1+OF-PacF1 8 Yes 1
7111 SE EI TSL AJI_8+OF-PacF8 5 Yes 1
7213 SE EI TSL AJI_3+OF-PacF3 5 Yes 1
7288 SE EI TSL AJI_1 1 No 1
7373 SE EI TSL AJI_5+OF-PacF5 8 Yes 1
7067 SE EI TSL AJI_3+OF-PacF3 8 Yes 1
7186 SE EI TSL AJI_2+OF-PacF2 5 Yes 1
7273 SE EI TSL AJI_4+OF-PacF4 5 Yes 1
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Table 3.B.3.: continued

Identifier Size_Sel Seq_Prov Seq_Fac Library_Adaptors cells multi SR
7396 SE EI TSL AJI_6+OF-PacF6 8 Yes 1
7413 SE EI TSL AJI_1 1 No 1

6909.2 SE EI TSL Nextera1F+1R NA
7322 SE EI TSL AJI_5+OF-PacF5 5 Yes 1
7415 SE EI TSL AJI_7+OF-PacF7 5 Yes 1
7416 SE EI TSL AJI_1 1

7063.2 SE EI TSL AJI_2+OF-PacF2 1 Yes NA
7328 SE EI TSL AJI_1 1 No 1
6939 SE EI TSL AJI_9+OF-PacF9 5 Yes 1
7167 SE EI TSL AJI_1+OF-PacF1 5 Yes 1
7308 SE EI TSL AJI_4+OF-PacF4 8 Yes 1
6924 SE EI TSL AJI_1 1 No 1
7417 SE EI TSL AJI_7+OF-PacF7 8 Yes 1
9536 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
7063 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9543 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9545 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9549 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9583 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9837 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9871 SE UNC UNC-HTSF NEBNext_E7335 2 No 1
9944 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
6974 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9555 SE UNC UNC-HTSF NEBNext_E7335 1 No NA
9598 SE UNC UNC-HTSF NEBNext_E7335 1 No NA
9905 SE UNC UNC-HTSF NEBNext_E7335 2 No NA
9762 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9764 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9332 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9869 SE UNC UNC-HTSF/MOgene NEBNext_E7335 4 No 1
9879 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9887 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9947 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9832 SE UNC UNC-HTSF/MOgene NEBNext_E7335 4 No NA

98



3.B. Supplemental Tables

Table 3.B.4.: Misannotated NLRs
ID Reason for Exclusion
7328|G707 misannotation
9554|G142 misannotation
9658|G071 misannotation
9669|G017 misannotation
7396|G336 misannotation
9332|G195 misannotation
7273|G160 misannotation
6924|G055 misannotation
9654|G214 misannotation

Table 3.B.5.: Tajima’s D comparison for NLR pairs.
araport11 synonym pairclass idnew Tajima.D araport11 synonym pairclass
AT5G17880.1 CSA1/WRR5a executor 130.1 2.313171443 AT5G17890.1 CHS3/DAR4 sensor
AT5G45060.1 RPS4B executor 43.1 -0.69202534 AT5G45050.1 RRS1B sensor
AT5G45250.1 RPS4 executor 94.1 -0.902908159 AT5G45260.1 RRS1 sensor
NA NA executor 148.1 -2.475406708 NA NA sensor
NA NA executor 205.1 0.329520807 NA NA sensor
AT1G72840.2 NA executor 13.5 3.246254466 AT1G72850.1 NA sensor
AT1G72860.2 NA executor 213.1 -1.073582225 AT1G72870.1 NA sensor
AT5G48770.1 NA executor 243.1 -0.797767387 AT5G48780.1 NA sensor
AT5G45230.1 NA executor 254.1 -1.318633405 AT5G45240.1 NA sensor
AT4G36150.1 NA executor 21.1 -0.093731171 AT4G36140.1 NA sensor
AT3G51570.1 NA executor 84.1 -2.416786807 AT3G51560.1 NA sensor
AT5G40100.1 NA executor 67.1 -2.536090992 AT5G40090.1 NA sensor
AT2G17060.1 NA executor 106.1 -2.653985925 AT2G17050.2 NA sensor
AT1G17600.1 SOC3 executor 47.1 -2.563305714 AT1G17610.1 CHS1 sensor
AT5G45200.1 NA executor 48.1 -1.127247783 AT5G45210.4 NA sensor
AT4G12010.1 DSC1 executor 41.1 0.169959165 AT4G12020.2 MAPKKK11 sensor
AT1G12210.1 RFL1 control 168.1 -2.49472187 AT1G12220.1 RPS5 control
AT1G12280.1 summ2 control 68.1 -2.499388809 AT1G12290.1 NA control
AT1G27180.1 NA control 24.1 -2.111599699 AT1G27170.1 NA control
AT1G56510.1 WRR4 control 140.1 -2.180811584 AT1G56520.2 NA control
AT1G63860.1 NA control 142.1 0.337557903 AT1G63870.1 NA control
AT1G72900.1 NA control 34.1 -1.264307713 AT1G72890.2 NA control
AT1G72910.1 NA control 202.1 -1.881193865 AT1G72920.1 NA control
AT1G72930.1 NA control 86.1 0.415710515 AT1G72940.1 NA control
AT4G19050.1 NA control 76.1 -0.513451551 AT4G19060.1 NA control
AT5G18350.1 NA control 46.1 -1.743490776 AT5G18360.1 NA control
AT5G38340.1 NA control 53.1 0.323140281 AT5G38350.1 NA control
AT5G41540.1 NA control 138.1 -1.715007139 AT5G41550.1 NA control
AT5G44900.1 NA control 131.1 -1.890234716 AT5G44910.1 NA control
AT5G45070.1 NA control 203.1 -0.967246358 AT5G45080.1 NA control
AT5G47250.1 NA control 49.1 1.935455359 AT5G47260.1 NA control
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Table 3.B.6.: CC detection in known functional CNLs
CC predictions (binary, 0/1) from Paircoil2, Coils, and the NLR-parser for known
functional CNLs. The Araport11 identifier and the name of each CNL is given.

Identifier Name Paircoil2 Coils NLR-parser
AT3G07040 RPM1/RPS3 0 0 1
AT4G26090 RPS2 1 0 1
AT1G10920 LOV1 0 0 1
AT1G58602 RPP7 1 0 1
AT1G12220 RPS5 0 1 1
AT5G43470 HRT/RPP8 1 1 1
AT1G33560 ADR1 0 0 0
AT1G12280 summ2 1 1 1
AT1G12210 RFL1 1 1 1
AT1G59620 CW9 0 0 1
AT1G61180 Uni-1d (Ws) 1 1 1
AT1G61190 RPP39 1 1 1
AT3G46530 RPP13 0 1 1
AT3G50950 ZAR1 1 1 1
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3.C. Supplemental Material

3.C.1. Re-annotation SOP
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SOP Re-Annotation 
http://ann-nblrrome.tuebingen.mpg.de 

 
Warnings 
WebApollo does allow duplicate names! 

Comments 
We only re-annotate genes with NB- or TIR- domains 

Normal Re-annotation 
1. Check if regions with evidence (prefer ESTs > Proteins > Gene Predictions) have a gene model 

(if not add it) 
2. Check the gene model (exon/intron structure) against protein and EST evidence (always compare 

SNAP and Augustus in case of likely fusions) 
3. Re-annotate if necessary 

a. Add UTR information from est2genome track if it can be easily incorporated into the gene 
model 

b. Compare exon-intron structures from transcript and protein evidence to maker annotation 
and adjust where needed 

4. Rename to original transcript annotation of MAKER (example: gene name=6909|G040, transcript 
name=6909|T040-R1) 

5. If several transcripts are annotated, use -R1, -R2, etc  
Example: Gene 7213|G113 
Additionally to being split (see ‘Gene Fusion Handling’), three transcripts are annotated: 
7213|T113.2-R1, 7213|T113.2-R2 and 7213|T113.2-R3 
 

 
 
 

6. Set appropriate tag-value pairs (see ‘Attribute Settings’) 



Truncated Genes 
1. Check NLR genes at the beginning or end of contigs (especially if the distance to the contig 

border is < 500bp) 
2. Check if available evidence is longer than annotated (causes alignment overhangs) 
3. If possible, correct the annotation using the evidence  

a. If you correct exon-/intron- boundaries, set attribute corbound=1 
b. If you correct translation start or end, set attribute cortrans=1 

(!) Be careful with those adjustments and do only when evidence is bulletproof. 
4. Add attribute truncated=1 

Example: Gene 7058|G384 

 

Splitting Gene Fusions 
1. Split gene according to evidence 
2. Rename the new genes: 

General Format: ACC|[G/T]​XXX​.​Y​-R​Z 
○ ACC=Accession ID 
○ [G/T]​XXX​=Gene/Transcript ID 
○ .​Y​=Split Gene/Transcript Sub-ID 
○ -R​Z​=Isoform ID 

Example: Gene 6909|G040 
■ Original gene name 6909|G040 → 6909|G040.1 and 6909|G040.2 (the leftmost 

gene gets appendix ‘.1’, then ‘.2’, ‘.3’ etc follow while moving right) 
■ Original transcript name 6909|T040-R1 → 6909|T040.1-R1 and 6909|T040.2-R1 

3. Add attribute fusion=1 
 

Genes Without Evidence 
● This situation is common for non-reference datasets. You might observe many predictions without 

EST or Protein evidences. Besides using BLAST, the Araport JBrowser 
(​https://apps.araport.org/jbrowse/?data=arabidopsis​) is handy to verify/compare gene 
architectures. In some cases these instances are pseudogenes, and so the Araport information is 
useful. Sequences, or gene identifiers can be searched directly by using the field left to the Go 
button in the top of the browser. 



● If you find a pseudogene (based on Araport annotation and synteny), you can flag it with 
pseudogene=ATG_identifier. 

● The noevidence=1 parameter is only set if we choose to reannotate something without evidence 
(evidence here is everything that gives you a hint for this reannotation to be necessary, so no 
evidence at all will probably nearly never be the case) 

Merging Split Genes 
Be very careful when merging genes. It is worse for orthogroup predictions to have a wrongly merged 
gene, than to have two erroneously split genes. 
 

1. Merge 
2. Rename the merged gene according to the ‘leftmost’ gene that is contained 
3. Add the tag ‘merged’ with all the gene names that are merged. Separate by space (do not use 

comma) 
Example: Genes 7213|G021 and 7213|G022 

○ New gene name: 7213|G021  
○ New transcript name: 7213|T021-R1  
○ add tag: merged=’7213|G021 7213|G022’ (Do not use comma as separator) 

 
 
 

 
 
 
 
 
 
 
 
 
 

Example: Merging a gene with another one that had been flagged as part of a fusion 
○ Original gene names: 7058|G069 and 7058|G070 
○ After splitting: 7058|G069.1 (fusion=1), 7058|G069.2 (fusion=1), and 7058|G070 
○ After merging: 7058|G069.1 (fusion=1) and  

7058|G069.2 (fusion=1; merged=7058|G069.2 7058|G070) 
 

Annotating New Genes 
In case we want to add an additional new annotation. 

1. Name the new gene according to the gene to its left, and add “.N<number>” 
Example: New gene next to 1925|G530 

○ Gene Name 1925|G530.N1 
○ mRNA Name 1925|T530.N1-R1 

 



Attribute Settings 
Tag Value  
reinspection 1 set if reinspection of the gene model is needed 
fusion 1 set for split genes. Each gets the fusion tag.  
truncated 1 set if a gene seems to be truncated 
pair GeneID of “partner”  set if evidence is in “Col-0 Pairs” from ​pairs_and_putpairs​ list 

putpair gene ID of “partner” 
gene 

set if head-to-head orientation is given and evidence is not in the 
“Col-0 Pairs” from ​pairs_and_putpairs​ list 

pseudogene Araport11 Identifier set if there is pseudogene evidence from Col-0 

noevidence 1 set if the reannotation was done without any source of evidence 
(nearly never the case) 

merged GeneID<space>GeneID(
<space>GeneID...) set for merged gene 

corbound 1 set if exon-/intron- boundaries were changed without direct 
evidence 

cortrans 1 set if translation start or end was set without direct evidence 
misassembly 1 set if a misassembled contig is suspected 

delete 1 use if a gene model should not be replaced, but deleted 
completely 

mod 1 

use if gene model was extensively changed (mostly without 
evidence from gene predictors or transcript/protein mappings) in 
order to rescue the domain structure. Genes that were 
re-annotated this way probably need to be excluded from some 
analyses. 

 

Further Remarks: 
● We found a misannotation in Araport11. They split the tair10 gene AT4G09430 into AT4G09430 and 

AT4G09435, both annotated as TNLs. This is wrong. The first gene contains the NB- and the TIR- domain, 
the second one only has a LRR annotated. The misannotation is driven by a natural antisense gene 
AT4G09432 that overlaps AT4G09430. This antisense gene is expressed, whereas AT4G09430 might not 
be expressed (at least not in their data). Araport11 mistreats the expression as belonging to the TNL, and 
splits the gene. Long story short, don’t split a gene if your evidence is from AT4G09430 and/or 
AT4G09435 :) 
For a visual reference check: 6909|G370 

 
● Be careful if you have to re-annotate two overlapping genes. They always get treated as two isoforms from 

the same gene. We agreed on removing UTR that is overlapping. 
 



 
 

● Change default view of ​Read2Contig Histogram ​​track. 
 

 

 
change ​"bicolor_pivot": "mean"​ to ​"bicolor_pivot": "0" 

 
 

● Noncanonical splice sites: 
found e.g. in AT5G47280, AT4G33300 





4. Discussion and Outlook

My PhD project is embedded in a collaborative effort centered around using state-of-the-
art targeted long read sequencing (SMRT RenSeq) to pin down the importance of NLRs
in plant immunity (2Blades Foundation project ‘Resistance Gene Diversity’, 2Blades
(2015)).
Precious RenSeq studies successfully improved the annotation of known NLR genes,

and detected unreported NLRs in several species (see section 1.5.1). Enriching a sample
for the genomic proportion that contains NLRs, facilitates the assembly by reducing the
assembly complexity. Furthermore, focusing on sequencing only the NLR gene family
reduces costs, which is especially important for research projects in species with bigger
or complex genomes. RenSeq has mainly been used with short read Illumina sequencing
to reevaluate existing NLR gene annotations, and to annotate previously unreported
NLRs in the Solanaceae (Andolfo et al. 2014; Jupe et al. 2013). The method has further
proven useful in an investigation of polymorphisms and evolutionary pressures in known
NLRs of S. pennellii (Stam et al. 2016). Analyses focusing on the genetic mapping of a
resistance trait of interest and on the completeness validation of known functional NLRs
demonstrated RenSeq as a cost-efficient application for resistance breeding programs in
crops (Armstrong et al. 2018; Chen et al. 2018; Jiang et al. 2018; Jupe et al. 2013; Van
Weymers et al. 2016).

Here, RenSeq data of 65 A. thaliana accessions were used for the analysis of the
species’ pan-NLR’ome. Chapter 3 contains the unpublished manuscript The Arabidopsis
thaliana pan-NLR’ome, which reports and analyzes the biological variability of NLRs in
A. thaliana. With the help of colleagues, I found that known integrated domains (IDs)
from the Brassicaceae are frequently shuffled in A. thaliana NLRs, which increases their
architectural diversity, and additional novel IDs and architectures were defined. The pan-
NLR’ome showed saturation, which allowed to define the core NLR genes, and to analyze
presence/absence polymorphisms in non-core NLRs. Furthermore, I show haplotype
saturation, quantify the selective forces that act on specific NLRs and domains, and
detect evolutionary coupled co-evolving NLRs. A detailed discussion of the results is
presented in the manuscript section 3.4 and section 3.5.
The results and the easy-to-adopt analysis pipeline can be used to support other

RenSeq studies. Research in important crop species, like the ones that will be ana-
lyzed as part of the 2Blades project, will profit from the knowledge that was gained. In
chapter 2, I describe the extensive method development and optimization of my PhD
work, which was coupled tightly with sophisticated methods for quality control. Us-
ing a non-standard and state-of-the-art sequencing method like SMRT RenSeq required
customized solutions for the contig assembly and the gene- and domain annotation. I
showed that the combination of optimized automated methods for assembly and anno-
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tation together with manual curation of NLR genes provides a reliable and complete
representation of the NLR complements of 65 A. thaliana accessions.
The method optimization process and the best-practice results will be discussed in this

chapter. I will examine the influence the RenSeq input datasets have on the assembly,
the NLR annotation, and the analysis of NLR variation in A. thaliana. Furthermore,
I discuss the benefit of WGS short and long read data for the assembly process, the
gene annotation and for the quality control. Manual curation of automated gene anno-
tations was a time consuming but necessary task that should be made superfluous in
future research if possible. I will discuss possible improvements of the automated gene
annotation, and also suggest ways to make manual curation less tedious.
The pan-NLR’ome data created during this PhD project was already used in other

NLR-related research projects, as intended. The current and potential future use will
be discussed in section 4.4.

4.1. RenSeq input critically influences the outcome
of an NLR’ome project

The disadvantages of using RenSeq with short Illumina reads have been displayed in
the introduction (section 1.4.2). Mainly the assembly of NLRs and NLR clusters suffers
when using short read data. High fragmentation and incorrect NLR cluster assembly
was reported (Andolfo et al. 2014; Jupe et al. 2013). These problems were solved in this
study by using RenSeq with the long read sequencing SMRT technology from PacBio.
The sequenced fragments were ∼3kb long (most between 2-5kb, fig. 2.8). This was even
longer than the 2.5 kb-3.5 kb long fragments that have already been successfully used
to assemble full length NLRs, clusters, and surrounding regions in potato (Witek et al.
2016b).
Witek et al. (2016b) include a short analysis of the influence that input data has

on assembled NLRs. They sequenced a susceptible and a resistant S. americanum ac-
cession on three SMRT cells each, aiming at an NLR coverage between 30-50x. The
susceptible accession contained fragments with lengths from 1.5 kb to 2.5 kb, whereas
the resistant accession contained fragments between 3-4 kb length. They created reads
of insert (ROIs) with minimum three passes and a maximum error of 10%. The ROI
construction is comparable to the CCS read construction procedure of my PhD study,
but allowed more errors (max 1% error was allowed in the pan-NLR’ome project). De
novo assemblies were created using Geneious. A side note: this assembler did not per-
form well in initial assembly tests done during my PhD study. A Col-0 test showed for
example many artificially duplicated genomic regions. I did not report in-depth results,
because extensive testing of different assemblers was out of the scope of the PhD project.
As expected, assembled contig sizes increased with increasing input fragment lengths.

Also the size of the NLR-surrounding genomic regions were biggest in the assembly of
the resistant S. americanum accession that provided the longest input reads (see figure
1b in Witek et al. (2016b)). The number of predicted NLRs was higher in this dataset,
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too. 401 full and 245 partial NLRs were found, whereas only 322 full and 293 partial
NLRs were detected in the susceptible cultivar with smaller input fragment size. The
assembly and NLR annotation differences should not solely be attributed to the input
read length, but also to the total amount of bases in sequenced reads which differed by
43Mb.

Similar results were reported for Solanum verrucosum (Giolai et al. 2016). They se-
quenced 2 SMRT cells for libraries with fragments centered around 4 kb, 5 kb, and 7 kb
and assembled ROIs with HGAP3 (Chin et al. 2013). Both assembly size and contiguity
increased with increasing fragment size, and NLRs were more often reported to be com-
plete. They also exemplified the capacity to bridge intergenic non-NLR regions with a
25 kb NLR cluster containing two NLR genes. Only the largest library provided ROIs
that could be assembled to one contig containing both NLRs and the intergenic region.

Results from S. americanum and S. verrucosum can only be qualitatively transferred
to the pan-NLR’ome study of A. thaliana. Both papers layed out advantages of longer
input reads, but they did not take read quality into account, or the amount of reads
that is needed for a reliable assembly.

In this project it was shown how input amounts (reads and total bases), read length,
and read quality influenced the assembly size and NLR annotation capacity of four
different A. thaliana accessions. Results showed that only sufficient (∼≥10 k) high qual-
ity (∼≥Q20) input reads secured a reliable and complete annotation of the NLR gene
complements in those accessions.
Two accessions (Col-0 and Ty-1) represented good RenSeq experiments with many

reads, whereas the two other accessions KBS-Mac74 and Cvi-0 showed less successful
RenSeq experiments that resulted in fewer sequenced reads (fig. 2.2). The read quality
distribution was similar for all four accessions, which at a first glance did not point to
an additional problem next to a low read count for KBS-Mac74 and Cvi-0.
But already a critical evaluation of read lengths and read quality (fig. 2.3) showed

additional differences. In the good RenSeq experiments, the read length distribution
was independent from the read quality, with a mean read length around 2900 bp whereas
the two less successfull experiments provided fewer long reads with high quality. This
suggested a short polymerase read length (life time of the polymerase, see section 1.5.2)
in KBS-Mac74 and Cvi-0. Only short fragments resulted in enough subreads for a high
quality consensus call (fig. 1.6), whereas longer fragments were sequenced less often and
produced CCS reads of minor quality.
On the one hand an assembly benefits from many input reads because the high cov-

erage allows for a reliable base call per position. On the other hand, low-quality input
reads might confuse the assembler, increasing fragmentation and preventing correct base
calls. Long reads improve the contiguity of an assembly because they can span com-
plex regions and regions with low coverage, but long reads often come with the above
mentioned lower per base quality. The trade-off between high-quality reads, long reads,
and the total amount of reads determines the assembly size, correctness, contiguity and
accordingly the completeness of the NLR complement.
Evaluations of the assembly size (fig. 2.4), NLR numbers and NLR completeness

(fig. 2.5), as well as misassembled positions (fig. 2.6) and mismatched bases (fig. 2.7)
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led to the decision to discard any read with a quality below Q=20. Thus, all reads
contained at most 1% erroneous base calls and enough long reads remained to assemble
mostly full NLR genes in the high quality datasets from Col-0 and Ty-1. For Cvi-0
and KBS-Mac74 the results clearly showed that these datasets did not provide enough
reads of high quality and sufficient length to reliably assemble the accession-specific NLR
complements. This knowledge was applied to the initial set of 73 A. thaliana accessions
to filter out some low-quality datasets (section 2.1.3) that otherwise would have distorted
the pan-NLR’ome analyses reported in chapter 3.
Testing the influence of input reads, read length, and read quality in four RenSeq

datasets with (unpublished) reference genomes, provided useful information about the
overall assembly quality and subsequent NLR annotation potential that a RenSeq dataset
typically provides. Sufficient high quality input reads secured a reliable and complete
annotation of the NLR gene complements in those accessions.
The analysis of the NLR complements of 65 accessions also showed later in the project

that a high assembly quality and NLR annotation completeness was obtained (fig. 2.16
and fig. 3.A.13). The filtered SMRT RenSeq input enabled the assembly of full NLRs,
NLR clusters (fig. 3.1b), and surrounding genomic regions. Regulatory elements in the
±3 kb neighborhood of NLRs were assembled. These might provide useful information
for applied functional studies that for example need the promoter sequence of an NLR.
Non-NLR genes in the flanking regions of NLRs were assembled, too. They can be used
for example to anchor NLRs that are not present in Col-0 to the respective genomic
position in the reference genome (section 3.4.5).
Without an accession-specific high quality reference genome (whose existence in turn

would make RenSeq obsolete), quantitative evaluations of ‘sufficient’ and ‘high Quality’
input reads are not possible when starting a RenSeq project. A conservative advice
would be to sequence at least one SMRT cell per A. thaliana accession. In this study,
this resulted in ∼80Mb of sequence data and together with read lengths ∼3 kb secured
a reliable assembly and NLR annotation.
For studies in other species, I strongly suggest a test run using SMRT RenSeq in

the reference accession. After running the whole assembly and annotation pipeline,
results should be compared to the known NLRs from the reference genome to confirm
that enough high quality reads (and bases) at the given read length were sequenced to
annotate the full NLR complement.
Future methodological research could focus on how to reduce the amount of input

needed. A possible starting point for tests could be increasing the fragment length
even further which more easily leads to reliable overlaps during the assembly process.
However, increasing the fragment length reduces the CCS read quality due to less passes
per subread defined by the life of the polymerase (see section 1.5.2). Combining high
quality CCS reads with CLR reads of lower quality but longer read length, would profit
from both read quality and read length. Low-quality CLR reads were produced, but
had to be discarded in this study. Finding a way to use them to improve the assembly
continuity provides a cost-efficient (zero additional costs) and desirable outcome of future
research. Long reads could also be created with Oxford Nanopore’s long read sequencer
MinION. The MinION is a small portable device (size of a USB thumb drive) that creates
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read lengths equivalent to PacBio’s SMRT CLRs with a similar error rate. Giolai et al.
(2017) used Nanopore data to repeat the RenSeq experiment from Witek et al. (2016b)
and showed similar results.

The assembly of long and erroneous reads is an ongoing field of study in bioinformat-
ics and assemblers are continuously being developed and adjusted. A re-evaluation of
possible assembly methods and parameters is thus always recommended.

4.2. WGS data for improved assemblies and assembly
quality assessment

Independent of the species, accessions that are subjected to RenSeq studies have of-
ten already been sequenced in other projects before. Public databases store enormous
amounts of whole genome sequencing short read data, and also the amount of long read
data increases continuously. There is no reason why a RenSeq project should not make
use of these datasets. Accession-specific WGS data are extremely useful for the assembly
of RenSeq data, and provide additional possibilities to assess the assembly quality.

4.2.1. Using WGS to improve the assembly

The strength of RenSeq can also be its weakness. RenSeq is NLR-centered which re-
duces the assembly complexity and provides a very high coverage (several 100x possible,
Andolfo et al. (2014), Jupe et al. (2013), and Witek et al. (2016b)) in NLR regions. But
saying it differently, RenSeq suffers from low coverage in intergenic non-NLR regions
which can complicate the correct assembly of big NLR clusters with long interspersed
non-NLR regions. Long SMRT RenSeq reads (especially CLRs, but also CCS reads)
should be able to span some of the intergenic non-NLR regions, but they are only
present at low coverage and thus introduce erroneous bases to the assembly.
A concept that is regularly applied in whole genome assembly projects is to use short

and nearly error-free reads to correct assemblies that were produced with long and
more erroneous reads. The A. thaliana accession Nd-1 was assembled with PacBio reads
(FALCON and Canu) and Illumina short reads were used to detect errors in the chondrome
and plastome (CLC Basic Variant Detection from CLCbio (2018), Pucker et al. (2018)).
The Durian assembly published by Teh et al. (2017), is a PacBio de novo assembly
(FALCON, Chin et al. (2016)) corrected with short Illumina reads (PILON, Walker et al.
(2014)). The maize reference genome was improved using PacBio reads and optical maps
for the assembly (Celera and FALCON), and short reads for polishing (PILON) (Jiao et al.
2017)). Of course also non-plant genome assemblies profit from long read assemblies
combined with short read polishing. The de novo assembly of a Korean human genome
(Seo et al. 2016) was produced with PacBio reads and optical maps (FALCON), and
polished with short Illumina reads (PILON).
Witek et al. (2016b) show that short Illumina reads from whole genome sequencing

could be used to improve the per-base quality of the SMRT RenSeq assembly. The
assembled C18 NLR cluster (276 kb) was corrected with short Illumina reads (HiSeq2000,
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paired end (PE), 90bp to 30x coverage) together with 250 bp short reads from a RenSeq
experiment. Strict filtering prevented using mismapped reads. They used only correctly
mapped read pairs and examined only positions with a coverage between 20x-40x from
WGS reads and 150x-500x from RenSeq reads. They then mapped back the ROIs that
were used to assemble the cluster and reported a minimum per-base quality of 98.6%
(mean=99.6%). Of the 171 found single nucleotide errors, more than 50% were found
in regions assembled from less than three ROIs, for example at contig ends. No other
published RenSeq paper reported the use of WGS short reads to correct the assembly
because intergenic regions were out of the scope of the analyses.
There are also other possibilities how an assembly can be created from the combination

of long and short read data. For the A. thaliana accession Landsberg, short Illumina
reads were used for assembly (ALLPATH-LG, Gnerre et al. (2011)) and scaffolding (SSPACE-
ShortRead, Boetzer et al. (2011)) by Zapata et al. (2016). Long PacBio reads were here
used only for gap-closing (PBJelly, English et al. (2012)). Applying this to a RenSeq-
centered project is probably not advisable though, because the assembly would suffer
from all the short-read derived problems introduced in section 1.4.2.
Instead, long PacBio CLRs could be corrected using short Illumina reads prior to a

de novo assembly, for example using the program proovread (Hackl et al. 2014). This
error correction step was for example applied in the assembly pipeline that created a
reference genome for the European beech (Mishra et al. 2018), or the genome of the
fungus Agrocybe aegerita (Gupta et al. 2018). For a RenSeq study, a possible scenario
would be to de novo assemble RenSeq CCS reads together with corrected RenSeq CLRs,
and to polish the assembly with short reads. This would not only provide a higher per
base accuracy, but also extend the assembly further into neighboring non-NLR regions.
One could also imagine to combine two de novo assemblies, one using only SMRT RenSeq
reads, the other one using only short whole genome sequencing Illumina reads. A third
alternative would be to assemble all datasets together, but the uneven coverage of the
RenSeq data could be problematic since most assemblers expect even genomic coverage
to work correctly.
Whole genome sequencing short read data for the 65 A. thaliana accessions were

created only in a late stage of this project when the assembly pipeline had long been
established. Thus, testing the different possibilities that come with the combination of
whole genome sequencing short reads with SMRT RenSeq long reads need to be part
of a different, bioinformatics-centered project with the advantage that many necessary
datasets have already been produced. Here, the data is used for quality control only
(section 4.2.2).
Last, I want to make the confrontative statement that for small genomes like A.

thaliana, RenSeq no longer is the best option for a pan NLR’ome centered project. In
the current era of cheap long read sequencing and even cheaper short read sequencing
options, using whole genome long reads (PacBio SMRT or Oxford Nanopore) at best
in combination with short read data for polishing might be the better choice. The
sequencing cost will be higher than for RenSeq, but the data processing (quality control,
read trimming, read correction, assembly) follows standard pipelines that have been
established and applied in many research projects before. The analysis is thus less labor
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and time demanding.
The advantages of a SMRT RenSeq assembly would be surpassed in a whole genome

SMRT assembly. All NLR genes would be completely assembled, their surrounding re-
gions with all regulatory elements would be present, and even the biggest, several hun-
dred kb long NLR clusters could be analyzed. Accession-specific NLR’omes could then
more easily be compared via whole genome alignments. Synteny would add another layer
of information, for example guiding the orthogroup construction. The ‘sixref’ project
is an ongoing study dedicated to produce six ‘platinum’ A. thaliana genomes based on
SMRT technology and optical maps. The analysis presented in section 2.1.2 uses the
yet unpublished reference genomes for Col-0, KBS-Mac74, Cvi-0, and Ty-1 and already
provides proof of the superiority of these assemblies in comparison with the RenSeq as-
semblies. RenSeq assemblies were almost complete in the two successful RenSeq studies
(Col-0 and Ty-1 in fig. 2.5), but the platinum whole genome assemblies contained the
full NLR’omes (shown as dashed green lines in fig. 2.5). Another project dedicated to
assemble a reference genome for the accession Nd-1 is already in the publication process
(Pucker et al. 2018).

RenSeq with long SMRT PacBio reads is nonetheless an extremely useful technique
with the advantage of being cheap and focused on NLRs. Especially when analyzing
many and big genomes, heterozygous non-selfers and polyploid species, it is favorable
over whole genome sequencing. Armstrong et al. (2018) for example compared dRenSeq
with WGS reads in potato. They showed that 88x more WGS data (69.04Gb) was
needed to find the NLRs and intergenic regions they reported with dRenSeq using only
one twelfth of a MiSeq flow cell (0.78Gb).
The TwoBlades research effort which the A. thaliana NLR’ome project is embedded

in, focuses on those more complex crop genomes (2Blades 2015). For these species,
RenSeq is inevitable and the results and techniques reported in this thesis and soon-
to-be published in the paper built on chapter 3 will provide useful information and
guidance.

4.2.2. Quality Control (QC) with WGS read data

Critical method revisions and refinements, as well as quality control of the data are
needed to secure the reliability of any biological analysis and the drawn conclusions.
Unprocessed and thus genuine RenSeq input reads provide a useful source for the quality
control (QC) of the Assembly Quality and Completeness of the created NLR comple-
ments (section 2.4). QC based solely on the RenSeq input sequences has the additional
advantage that other RenSeq-based research projects can directly apply the here intro-
duced methods, without the need to produce additional datasets.
But, next to being useful for the assembly of NLRs, WGS short read data can provide

valuable support for the QC of NLR complements, and enable some analyses not possible
with RenSeq data alone. The WGS reads form a second, unbiased dataset in addition
to the enriched RenSeq dataset. They reflect the whole genome, not just the NLRs,
come with equal coverage independent of genomic content and have a high read quality
independent of the read length.
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Whole genome sequencing reads were produced for all 65 A. thaliana accessions in
parallel with the RenSeq data, using Illumina short read sequencing. DNA was extracted
using the DNeasy Plant Mini Kit from QIAGEN. PCR-free libraries with a fragment size
of 450 bp were created using the TruSeq DNA PCR-Free library preparation kit from
Illumina and were sequenced on a MiSeq machine in paired end (PE) mode, with 250bp
read length. Each accession was sequenced to ∼50 fold coverage.
The completeness analysis (section 2.4) benefits from using WGS reads instead of CCS

reads because they come with a higher per-base accuracy and cover all NLRs equally
(section 4.2.2.1). PCR-free WGS short read mappings can also be used to detect putative
collapsed NLR gene clusters in the RenSeq assemblies (section 4.2.2.2).

4.2.2.1. Completeness analysis using WGS read data

WGS short reads can be used to calculate the Quality and the Completeness analogously
to the CCS-read based completeness analysis (section 2.4). The short reads provide a
very high per-base quality (∼ 99%) and pseudo-heterozygous calls are more reliable
than those created by CCS reads. If - in rare cases - NLRs escaped the enrichment, they
would not be present in the RenSeq CCS reads and thus not create pseudo-heterozygous
SNP calls at all. The Completeness would be overestimated in those cases. In contrast,
a WGS experiment is not depending on an enrichment. All NLRs are present with equal
coverage leading to a correct representation of an accession’s Completeness.
I used PCR-free 250bp PE Illumina reads (450bp insert size, coverage=50) to calculate

the Quality and the Completeness of the sub-sampled Col-0 assemblies and the RenSeq
accessions. Reads were trimmed (Skewer; version 0.1.124; -Q30 -q30 -l36; Jiang et al.
(2014)), mapped to the respective pseudogenomes (BWA mem; version 0.7.17-r1194-dirty;
Li et al. (2009a)), and only high quality mappings were used (SAMtools; version 1.9; Li et
al. (2009b); samtools view -q60 -f2 -F2052; samtools rmdup). Quality and Completeness
were calculated as described in section 2.4.
The generally high Completeness of my RenSeq datasets was confirmed by the short

read based analysis (median=95%). Compared to the CCS-read based results, the
Completeness showed a slight decrease and a wider range.
41 accessions (compared to 46 accessions in the CCS-read based analysis) were at least

95% complete (vertical black line in fig. 4.2.1 panel b), and 49 accessions (compared to
56) were at least 90% complete. Completeness values ranged between 12% and 97%
(63%-97% CCS-read based). The accession with only 12% completeness (7308, Po-0)
was an outlier and the next accession already showed a 56% complete NLR complement.
14 accessions had a higher Quality than the full test Col-0 dataset and could not be
ranked. Their completeness (unfilled circles in fig. 4.2.1 panel b) was between 97% and
100%.
The Completeness calculation method is not perfect, which was reflected in the Col-0

RenSeq dataset which showed the highest Quality and Completeness of all accessions,
and exceeded the results of the corresponding full test Col-0 dataset. This can be ex-
plained by slight annotation and mapping differences. NLRs had to be defined based on
exonerate mappings for the sub-sampling experiments because no manually curated NLR
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a

b

Figure 4.2.1.: Short read based Quality and Completeness
a) Quality (black) and Completeness values (dark green) for sub-sampled Col-0 datasets.
The x axis contains the sub-sampling percentage and the amount of input data for each
sub-sampling experiment. b) Quality (black) and Completeness values (dark green) for
all RenSeq accessions. Unfilled circles indicate accessions with qualities larger than any
sub-sampled dataset. The vertical black line is drawn at 95% Completeness.
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annotations existed. Small annotation differences remained and could not be improved
further. Mapping heuristics also influenced the Completeness results. Even extensive
parameter optimization did not resolve every mapping difference. Only accession-specific
reference genomes could provide perfect Completeness values, but in turn would make
RenSeq obsolete.

4.2.2.2. Detection of assembly errors: collapsed NLRs

Clustered NLRs with highly repetitive coding sequences can be hard to assemble cor-
rectly. They might be erroneously collapsed by the assembler, especially if they are
recent tandem duplicates which sit next to each other in the genome and share similar
surrounding regions with low information content (e.g TEs). Long SMRT RenSeq reads
normally prevent collapsing NLR genes during the assembly, but this claim needs to
be confirmed. PCR-free short read mappings can be used to detect collapsed NLRs in
RenSeq assemblies by searching for excessively highly covered NLR genes. PCR-free
reads are needed because only those provide an even coverage of the genome. Libraries
prepared with PCR, would be prone to amplification bias and thus not be usable for a
coverage-based detection of collapsed NLRs. I searched for collapsed NLRs in the 65
assemblies using accession-specific PCR-free MiSeq reads. The read mapping procedure
was already described in section 4.2.2.1. The expected mean coverage of each accession
was defined using only exons from the benchmarking set of universal single copy ortholog
(BUSCO) genes (Waterhouse et al. 2013). This conservative method excluded coverage
fluctuations in paralogous genes that might come from an uneven distribution of read
mappings. It also prevented deleterious effects that might come from intron mappings.
Introns sometimes contain TEs or other regions of low information content that attract
erroneous read mappings which would artificially inflate the mean coverage of a gene.
The mean NLR coverage was calculated accordingly, also only using exons, and was
normalized with the accession-specific mean coverage of the BUSCO genes. Correctly
assembled NLRs were expected to have a normalized coverage around one. Outliers with
high coverage were candidates for a collapsed NLR cluster.
The method suggested high quality assemblies without many collapsed NLRs (fig. 4.2.2

and table A.4). Only 51 genes were reported with a normalized coverage≥2. Of those, 23
NLRs contained only a RPW8 domain, suggesting that RNL clusters were generally hard
to assemble. The two NLRs with the highest normalized coverage were the neighboring
RNLs 7396|T234-R1 and 7396|T235-R1 (accession Ws-0). They were found on a 10kb
long contig in a cluster with three other RNLs. These RNLs were within the top 12 of
the putative collapsed NLRs (table A.4), further supporting a collapsed RNL cluster.
My method to detect collapsed NLRs was developed to be conservative and specific.

Strict filtering of mapped reads was applied to exclude mappings from genomic regions
with similar sequence content. These mappings would artificially have inflated the cover-
age and the number of putative collapsed NLRs. This behavior was necessary to detect
collapsed NLRs, but led to an artificial increase of lowly covered NLRs especially at
contig ends. Lowly covered NLRs (left peak in fig. 4.2.2) can thus not be interpreted
and are not a hint for inflated NLR clusters.
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Figure 4.2.2.: Normalized NLR coverage distribution
Density distribution includes all NLRs from all accessions.

4.3. Gene annotation

I showed the major gene annotation problems for NLR genes and how the automated
gene annotation was iteratively optimized to remove as many errors as possible. Manual
curation was THE key to secure the highest possible correctness for NLR gene annota-
tions, a notion that is widely accepted in the scientific community (Yandell et al. 2012)
and led to big ‘Annotation Jamborees’, collaborative efforts to manually improve the
correctness of automated gene annotations. Genes of Drosophila (Hartl 2000), bees (El-
sik et al. 2006) and ants (Munoz-Torres et al. 2011) have for example been manually
curated in such jamborees.

The long-term goal is to develop automated gene annotation pipelines that make
manual curation expendable. This still requires lots of bioinformatics research and is
possibly not within reach in the next years. In the meanwhile, there are several options to
at least improve the automated annotation. In addition to the ab initio gene predictors
AUGUSTUS and SNAP, MAKER comes with GeneMark-ES (Lomsadze et al. 2005) and Fgenesh
(Solovyev et al. 2006). Using more predictors increases the probability to find the correct
gene model. Especially when supported by evidence, it will be easier for MAKER to select
the best fitting prediction and combine it with the evidence to create the optimal gene
annotation.

Gene predictors are using predefined settings of organism-specific traits like typical
intron- and exon lengths or codon frequencies (Yandell et al. 2012). Training the gene
predictor with organism-specific data is typically advised for non-model species. Here,
SNAP was trained with NLR data to produce the HMM to use for gene prediction.
AUGUSTUS could also be trained with NLRs instead of using the internal Arabidopsis-
specific profile. NLR-specific profiles might have the downside of being less specific on
the neighboring non-NLRs, but this would not be as grave as incorrect NLRs. MAKER sup-
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ports iterative gene annotation, using the previous genes as training sets for subsequent
annotation runs. This could improve the NLR annotation further.
The ab initio predicted genes are improved by MAKER using additional evidence. Tran-

scripts, expressed sequence tags (ESTs), and proteins from the reference accession Col-
0 were used to support the correct annotation of intron- and exon boundaries (sec-
tion 2.2.1). Accession-specific transcript evidence would have the potential to further
improve automated gene annotations. RNA-Seq data could be assembled de novo with
Trinity (Grabherr et al. 2013) or mapping-based with TopHat and Cufflinks (Trap-
nell et al. 2012), providing exact exon- and intron structures. Long read sequencing
methods like PacBio’s Iso-Seq provide full-length transcripts that would not even have
to be assembled, removing possible errors during that step.
Accession-specific NLR transcripts were produced with cDNA RenSeq (Illumina short

reads) in Witek et al. (2016b). They were used to detect false-positive frame-shift muta-
tions and expressed NLRs. Such datasets could also be directly used in the automated
annotation pipeline. The full set of NLR transcripts will hardly be producible because
NLRs are often only expressed at very low frequencies, or only upon pathogen induc-
tion. Even though WGS based transcripts will contain less NLR transcripts than the
enriched cDNA RenSeq datasets, they could prevent the fusion of non-NLRs to NLRs.
Non-NLRs would be supported by enough transcript evidence to be correctly anno-
tated, which would allow MAKER to choose the correct gene model for the neighboring
unexpressed NLR gene, too.
The manually curated NLRs of this project can be used as evidence for other A.

thaliana RenSeq projects and also for closely related species. MAKER uses evidence from
related species as ‘alternative evidence’, giving less weight to those compared to intraspe-
cific evidence lines.
There are other tools that can be used in addition to MAKER to improve gene an-

notations. The EVidenceModeler (Haas et al. 2008) is a gene annotation tool that
creates genes from the weighted consensus of all used evidence. It is capable to report
alternative splice variants, whereas MAKER only reports one representative isoform per
gene. The tool deFusion (Wang 2018) was written to fix false gene merges in MAKER
gene annotations, caused by evidence that bridges neighboring paralogous genes. This
was one of the problems that resulted in many of the NLR gene fusions detected in this
study (section 2.2.1.1). In addition, deFusion also detects fusions caused for example by
wrongly assembled transcripts from RNASeq data, expanding its applicability beyond
the detection of wrong evidence mappings.
Still, there is currently no way around manual reannotation to secure a high accuracy

of the predicted gene structures. The development of a standard operating procedure
(SOP) for A. thaliana NLR reannotation (section 3.C.1) was an important mile stone of
this project that can be adopted for other RenSeq studies independent of the species. The
annotation jamboree of this project was a collaborative effort of four skilled researchers
with profound experience with NLR gene architectures in Brassicaceae (Freddy Monteiro
and Oliver Furzer), with knowledge of the bioinformatics background, the features and
the problems of automated gene annotation (Felix Bemm and Anna-Lena Van de Weyer),
and with experience in the manual curation of genes (Felix Bemm). The developed
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SOP contains all necessary basics to find and to reannotate false gene predictions. It
also suggests various flags that can be used to rate the reliability of a (re)annotated
gene. The flag ‘corbound’ for example marks genes with changes in exon- and intron-
boundaries that are not unequivocally supported by transcript or protein evidence. In
addition, the flag ‘cortrans’ was used if the reannotation changed the initial translated
region. Often, those changes were justified by rescuing the translation of known NLR
domains. One has to keep in mind though, that this could also introduce the artificial
translation of an actually pseudogenized gene. Thus, ‘cortrans’ and ‘corbound’ denote
reannotations to be taken with care.

Truncated NLRs at contig borders were flagged with ‘truncated’ if protein or transcript
evidence suggested a longer ORF. This allows to quickly identify putative incomplete
gene annotations. Orthogroups and their phylogenies are based on protein alignments.
Truncated genes lack certain positions in those alignments and, depending on the thresh-
old that is applied, might prevent those positions to be considered for the alignment. If
for example all of the NLRs need to cover a certain position for it to be included in the
alignment, even a highly informative canonical domain could be excluded due to only
one truncated gene. When thoroughly analyzing the variation of genes in a specific or-
thogroup, unflagged truncated genes suggest more variation than actually correct, could
change the phylogeny of the orthogroup, or even artificially attract other paralogous
genes. Referring back to section 4.2.1, the number of truncated NLR genes would go
down if methods are developed that increase the amount of assembled flanking regions.

Follow up projects in A. thaliana or other species would profit from a pipeline that
checks for putative annotation errors and points to problematic NLR genes that could
be prioritized for manual curation. MAKER provides two quality measurements for each
gene annotation. The Annotation Edit Distance (AED) reports how good an annotation
fits the underlying evidence (Eilbeck et al. 2009). The AED lies between zero and one,
zero meaning the perfect fit between evidence and gene annotation. The pipeline could
for example report genes with an AED near one for prioritized curation. The second
quality measurement is the quality index (QI) score, that summarizes in more detail
features of annotated genes and how well the annotated transcripts fit the underlying
data (Campbell et al. 2014). The QI score contains nine values (table 4.3.1) from which
for example the quality of predicted splice sites and exons can be inferred. Using the QI
score to further prioritize gene reannotation would be easy to implement.

In a RenSeq based assembly, one expects most NLR genes to contain canonical do-
mains (NB, TIR, CC, LRR, and RPW8). The most prevalent NLR classes in many
species are TNLs and CNLs. A TNL contains the domain sequence TIR-NB-LRR and
CNLs contain CC-NB-LRR. The pipeline could check for each NLR if it deviates from
these domain architectures, and if so, check if the neighboring gene contains the ex-
pected missing domain(s). This would point to a gene splitting event during automated
annotation. Further evidence can be drawn from canonical domains found in the corre-
sponding ab initio gene predictions. If these contain canonical domains not present in
the final annotated gene, reannotation should be prioritized, too.

Genes containing IDs should be curated manually to make sure no annotation error led
to an artificially fused novel domain. If researcher time is limiting, I suggest to prioritize
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Table 4.3.1.: Quality index (QI) score
Description of the QI score produced by MAKER for each annotated gene.

column definition
1 5’ UTR length [bp]
2 Splice sites confirmed by EST/mRNA-seq alignments (fraction)
3 Exons matching EST/mRNA-seq alignments (fraction)
4 Exons overlapping with aligned EST/mRNA-seq or proteins (fraction)
5 Splice sites confirmed by ab initio gene predictors (fraction)
6 Exons overlapping an ab initio prediction (fraction)
7 Number of exons
8 3’ UTR length [bp]
9 Protein length [bp]

ID containing gene models above all others for manual curation. The prioritization
pipeline could directly report ID-containing genes. Finally, genes close to contig borders
should be reported by the pipeline, because these could putatively be truncated genes
that need to be flagged.
If, despite of all guidance and advice given here, manual annotation is not desired or

not feasible, researchers need to accept the consequences. Fusion genes will artificially
blow up the architectural diversity of the NLR’ome and incorrect IDs will be found.
Depending on the quality of used evidence lines, these numbers can be extremely high.
Even in the model organism A. thaliana with a very high amount of manually curated
protein and transcript evidences and with species-centered ab initio models, 736 incor-
rect gene fusion (∼11 per accession) were found and corrected manually. Artificially split
genes will increase the number of NLRs seeming to be biological truncations, which are
known to be functional in some cases (Nishimura et al. 2017; Xiao et al. 2001). Trun-
cated genes at contig ends will come with the orthogroup-related problems mentioned
above (reduce the number of usable positions for the alignment, suggest higher variation,
induce strange phylogenies, and attract paralogs). The orthogroup refinement method
(section 3.7.3.2) should remove wrongly annotated genes from the refined orthogroups,
which is of course desired, but would blow up the number of singleton genes in the cloud,
and would reduce shell and core orthogroups suggesting more diversity than appropriate.
I expect that these errors have had an influence also on already published NLR studies
relying solely on automated gene annotations. How much the results would change after
manual reannotation would need to be evaluated case by case.

4.4. Current and future use of the data

The pan-NLR’ome project in A. thaliana provided an in-depth view on the intraspecific
diversity of NLR genes using 65 diverse accessions (presented in chapter 3). The data
that was produced unlocks the potential for many more analyses. Research projects
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focusing on specific NLR genes profit for example from the extensive orthogroup infor-
mation that allows them to compare known functional sites in the different accessions.

Contigs and CCS reads have been published already on October 15th 2017 on the
TwoBlades web page (TwoBlades Foundation 2017) to allow the public to advance their
own studies of the plant immune system. All long RenSeq PacBio reads, the short whole
genome sequencing Illumina reads, and the contigs will be published at the European
Nucleotide Archive (ENA) upon publication of the manuscript. All gene annotations
(gff files), and the domain positions of all NLR genes are already prepared for publishing
via GitHub (currently not publicly accessible), and will be made public together with
the manuscript (chapter 3). GitHub will also host all metadata information that was
collected for accessions, transcripts, domains, architectures, and orthogroups (OGs).
Orthogroup lists will be published there, too, together with results from architecture-
or orthogroup-related analyses. These extensive resources will not only enable others to
evaluate the analyses that were done in the pan-NLR’ome project, but also to carry on
with NLR-focused research to further broaden our understanding of plant immunity.

All MAKER annotations and re-annotated NLRs together with all the used evidence is
currently hosted at a private instance of WebApollo (see section 2.2.2). All will be made
public when the paper is published. This way, others can reproduce the reannotation,
include additional evidence lines and (locally) change existing annotations if there is
enough persuasive evidence. More accessions can be easily incorporated if additional
RenSeq experiments are carried out in the future.

Many research projects are centered around the function of one or few NLR genes.
People therefore profit from getting easy access to the orthogroup that contains the
NLR of interest and shows its presence in the different accessions. All original unrefined
orthogroups and their phylogenies are already prepared for publishing at iTOL (Letunic
et al. 2016). Users will be able to view the underlying alignments to find positions they
are interested in. In addition, iTOL will contain the refined orthogroup identifiers to
directly illustrate the separation of overclustered orthogroups. The domain content of
each protein will show the different architectures that are represented in an orthogroup.
Other useful metadata information like the geographic origin, the population structure,
and expression likelihood will be presented there, too.

An elaborate way to visualize the NLR’ome could be implemented using the program
panX (Ding et al. 2017). It enables interactive exploration of the data by combining
alignments and phylogenies with statistical charts, gene cluster tables, and metadata
information. It would provide a perfect round-up of the results from WebApollo,GitHub,
and iTOL.

The RenSeq datasets created here form a great resource for the A. thaliana-centered
research of plant immunity. In a recently published paper about the ‘Modulation of
ACD6 dependent hyperimmunity by natural alleles of an A. thaliana NLR resistance
gene’ (Zhu et al. 2018), data from the pan-NLR’ome project allowed for correlating
the allelic variation of the Suppressor of NPR1-1, Constitutive 1 (SNC1) gene with the
severeness of the autoimmunity phenotype caused by Accelerated Cell Death 6 (ACD6).
The study focused on ACD6, a transmembrane protein that can positively regulate

immune responses via the salicylic acid (SA) pathway (Lu 2003). A hyperactive allele
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Figure 4.4.1.: Phylogeny of 136 RPP4/5 and SNC1 proteins from 65 accessions
Bootstrap values over 60% are indicated. The SNC1 clade is highlighted in color, with
single NL linker (SNC1-sNL) genes green and duplicated NL linker (SNC1-dNL) genes
brown. Arrows highlight five accessions with two SNC1 homologs. Reprinted with
permission from Zhu et al. (2018) (Fig. 4A).
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4.4. Current and future use of the data

of ACD6 was found in the natural A. thaliana accession Est-1 (Todesco et al. 2010).
It was shown to increase resistance against several bacteria, fungi, and oomycetes, but
at the same time triggers autoimmunity in absence of a pathogenic thread, which re-
duces the plant’s growth and seed production. The allele was found in ∼20% of 96
A. thaliana accessions (Todesco et al. 2010). 12% of 823 accessions from the 1001G
project (1001_Genomes_Consortium 2016) were shown to have a causal codon for the
hyperactive ACD6 allele (Zhu et al. 2018), further supporting the claim that the hyper-
active ACD6 is actively being kept in the population despite its potential fitness costs
in nature.
Not all accessions with the hyperactive allele had the same severeness of autoimmunity,

the accession Pro-0 for example did not show expected severe necrotic lesions. Zhu et al.
(2018) showed that the activity of the hyperactive ACD6 allele can be modulated by
several genes from other genomic loci. One of these loci was the RPP4/RPP5 NLR
cluster in genomic proximity (∼1Mb) to ACD6, containing SNC1, a known regulator
of plant autoimmunity (Gou et al. 2012; Li et al. 2010b; Yi et al. 2007). Transgene
approaches indeed suggested that the transcribed portion of SNC1 can attenuate ACD6
hyperactivity in Pro-0 background, leading the authors to the question how common
different SNC1 alleles are in the A. thaliana population.
In the initial orthogroup sets created in the pan-NLR’ome project, the Col-0 proteins

RPP4 and RPP5, and another, uncharacterized protein (AT4G16920) were placed into
an overclustered orthogroup with many paralogs (OG4). SNC1 was in a smaller OG
without other Co-0 paralogs (OG216). Due to the high sequence similarity between
RPP4,RPP5, and SNC1, a protein-phylogeny was created from all these sequences to-
gether with the known SNC1 proteins from Est-1, Pro-0, and Ws-2, the known RPP5
from Ler-0, and the RPP4/RPP5/SNC1 homolog AT4G16900 from Col-0 (fig. 4.4.1).
The SNC1 clade was manually defined (Zhu et al. 2018) and indicated 34 SNC1 genes

from 29 accessions. The RenSeq data allowed to compare the sequences of different
SNC1 alleles and the most prominent difference was found in the NL linker sequence,
which was duplicated in nearly half of the SNC1 proteins. This polymorphism in the NL
linker was then experimentally shown to explain differences in SNC1 activity and also
attenuation of ACD6 activity in Pro-0. RenSeq data from the pan-NLR’ome project
nicely supported the main claims of the paper, and broadened the understanding of the
intraspecific diversity of the evaluated causal SNC1 locus.
For sure, other projects focusing on specific NLRs will profit in similar ways from the

A. thaliana pan-NLR’ome datasets.
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A. Supplementary Tables

Table A.1.: The table shows for each accession the used ‘Identifier’ and the
corresponding 1001 Identifier (1001 id). The accession name (Accession) is given, as
well as the seed stock numbers if known (Stock). The country (Origin) of each
accession is given together with the coordinates (lat and long). It is shown if an
accession belongs to the ‘Relict’ group or is a founder of the MAGIC-lines (MAGIC).

Identifier 1001_id Accession Stock Origin lat long Relict MAGIC
5784 5784 Ty-1 CS78790 UK 56.4 -5.2 0 0
6981 6981 Ws-2 CS76631 RUS 52.3 30 0 0
9134 9134 Yeg-8 CS75475 ARM 39.87 45.36 0 0
9610 9610 Lesno-4 CS77034 RUS 53.04 51.96 0 0
10015 10015 Sha CS22690 AFG 37.29 71.3 0 0
5993 5993 DraIV 6-22 CS76823 CZE 49.41 16.28 0 0
9669 9669 Mitterberg-2-185 CS77086 ITA 46.37 11.28 0 0
9784 9784 Erg2-6 CS76845 GER 48.5 8.8 0 0
9792 9792 Lu4-2 CS77058 GER 48.54 9.09 0 0
1925 1925 MNF-Che-2 CS76185 USA 43.53 -86.18 0 0
6909 6909 Col-0 CS22681 USA 38.3 -92.3 0 1
9100 9100 Lag1-2 CS75441 GEO 41.83 46.28 0 0
9658 9655 Marce-1 #N/A ITA 38.92 16.47 0 0
9721 9721 Schip-1 CS77239 BUL 42.72 25.33 0 0
9533 9533 Cem-0 CS76763 ESP 41.15 -4.32 1 0
9542 9542 Fun-0 CS76872 ESP 40.79 -4.05 1 0
9550 9550 Iso-4 CS7694 ESP 43.05 -5.37 1 0
9554 9554 Lso-0 CS77055 ESP 38.86 -3.16 1 0
9600 9600 Vis-0 CS78848 ESP 39.85 -6.04 1 0
9518 9518 Alm-0 CS76660 ESP 39.88 -0.36 1 0
9537 9537 Cum-1 CS76787 ESP 38.07 -6.66 0 0
9557 9557 Moa-0 CS77102 ESP 42.46 0.7 0 0
9597 9597 Vig-1 CS78843 ESP 42.31 -2.53 0 0
6899 6899 Bay-0 CS22676 GER 49 11 0 0
6906 6906 C24 CS22680 POR 40.21 -8.43 0 0
6911 6911 Cvi-0 CS76789 CPV 15.11 -23.62 1 0
9580 9580 Scm-0 CS77241 ESP 38.68 -3.57 0 0
9654 9654 Liri-1 CS77041 ITA 41.41 13.77 0 0
108 108 LDV-18 CS77013 FRA 48.52 -4.07 0 0
9911 9928 BEZ-9 #N/A FRA 44.12 3.77 0 0

6981.2 6981 Ws-2 CS28828 RUS 52.3 30 0 0
7058 7058 Bur-0 CS28124 IRL 54.1 -6.2 0 1
7111 7111 Edi-0 CS28220 UK 55.95 -3.16 0 1
7213 7213 Ler-0 CS28445 GER 47.98 10.87 0 1
7288 7288 Oy-0 CS28591 NOR 60.39 6.19 0 1
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Table A.1.: continued
Identifier 1001_id Accession Stock Origin lat long Relict MAGIC

7373 7373 Tsu-0 CS28780 JPN 34.43 136.31 0 1
7067 7067 Ct-1 CS28195 ITA 37.3 15 0 1
7186 7186 Kn-0 CS28395 LTU 54.9 23.89 0 1
7273 7273 No-0 CS28565 GER 51.06 13.3 0 1
7396 7396 Ws-0 CS28824 RUS 52.3 30 0 1
7413 7413 Wil-2 TSL-JJ-SP2486 LTU 54.68 25.32 0 1

6909.2 6909 Col-0 CS28167 USA 38.3 -92.3 0 0
7322 7322 Rsch-4 CS28716 RUS 56.3 34 0 1
7415 7415 Wu-0 N6897 GER 49.79 9.94 0 1
7416 7416 Yo-0 CS22624 USA 37.45 -119.35 0 0

7063.2 7063 Can-0 CS28130 ESP 29.21 -13.48 1 1
7328 7328 Sf-2 CS28731 ESP 41.78 3.03 0 1
6939 6939 Mt-0 N1380 LIB 32.34 22.46 0 1
7167 7167 Hi-0 CS28346 NED 52 5 0 1
7308 7308 Po-0 CS28648 GER 50.72 7.1 0 1
6924 6924 HR-5 CS22596 UK 51.41 -0.64 0 0
7417 7417 Zu-0 N6902 SUI 47.37 8.55 0 1
9536 9536 Cor-0 CS76782 ESP 40.83 -2 1 0
7063 7186 Kn-0 #N/A LTU 54.9 23.89 0 1
9543 9543 Gra-0 CS76886 ESP 36.77 -5.39 1 0
9545 9545 Her-12 CS76920 ESP 39.4 -5.78 1 0
9549 9549 Hum-2 CS76943 ESP 42.23 -3.69 1 0
9583 9583 Sne-0 CS77258 ESP 37.09 -3.38 1 0
9837 9837 Con-0 CS76780 ESP 37.94 -5.6 1 0
9871 9871 Nac-0 CS77117 ESP 40.75 -3.99 1 0
9944 9944 Don-0 CS76411 ESP 36.83 -6.36 1 0
6974 6974 Ull2-5 CS78818 SWE 56.06 13.97 0 0
9555 9555 Mar-1 CS77068 ESP 39.58 -3.93 1 0
9598 9598 Vim-0 CS78844 ESP 41.88 -6.51 1 0
9905 9905 Ven-0 CS78840 ESP 40.76 -4.01 1 0
9762 9762 Etna-2 CS76487 ITA 37.69 14.98 1 0
9764 9764 Qar-8a CS76581 LBN 34.1 35.84 1 0
9332 9332 Bar-1 CS76688 SWE 62.87 18.38 0 0
9869 9869 Moj-0 CS77105 ESP 36.76 -5.28 1 0
9879 9879 Per-0 CS77169 ESP 37.6 -1.12 1 0
9887 9887 Pun-0 CS77196 ESP 40.4 -4.77 1 0
9947 9947 Ped-0 CS76415 ESP 40.74 -3.9 1 0
9832 9832 Cat-0 CS76759 ESP 40.54 -3.69 1 0
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Table A.2.: The table shows for each accession (Identifier),which size selection
method was used (Size_Sel: BP=BluePippin, SE=SageElf). The Sequencing Provider
(Seq_Prov) (MPI=Max Planck Institute for Developmental Biology, Tuebingen,
EI=Earlham Institute Norwich, UNC=University of Chapel Hill) and the Sequencing
Facility (Seq_Fac) are given, and the used ‘Library Adaptors’ are shown (for custom
adaptor sequences see table 3.B.1). The table contains the number of sequenced SMRT
cells (cells), and if an accession was sequenced multiplexed (multi). It also shows for
which accessions PCRfree whole genome sequencing short read data (SR) was
produced.

Identifier Size_Sel Seq_Prov Seq_Fac Library_Adaptors cells multi SR
5784 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6981 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9134 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9610 BP MPI MPI/MPGC_Cologne NEBNext_E7351 1 No 1
10015 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
5993 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9669 BP MPI MPI/MPGC_Cologne NEBNext_E7354 1 No 1
9784 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9792 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
1925 BP MPI MPI/MPGC_Cologne NEBNext_E7350 2 No 1
6909 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9100 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9658 BP MPI MPI/MPGC_Cologne NEBNext_E7353 1 No 1
9721 BP MPI MPI/MPGC_Cologne NEBNext_E7355 1 No 1
9533 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9542 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9550 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9554 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9600 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9518 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9537 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9557 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9597 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6899 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6906 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
6911 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No NA
9580 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1
9654 BP MPI MPI/MPGC_Cologne NEBNext_E7352 1 No 1
108 BP MPI MPI/MPGC_Cologne NEBNext_E7350 2 No 1
9911 BP MPI MPI/MPGC_Cologne NEBNext_E7350 1 No 1

6981.2 SE EI TSL AJI_6+OF-PacF6 Yes NA
7058 SE EI TSL AJI_1+OF-PacF1 8 Yes 1
7111 SE EI TSL AJI_8+OF-PacF8 5 Yes 1
7213 SE EI TSL AJI_3+OF-PacF3 5 Yes 1
7288 SE EI TSL AJI_1 1 No 1
7373 SE EI TSL AJI_5+OF-PacF5 8 Yes 1
7067 SE EI TSL AJI_3+OF-PacF3 8 Yes 1
7186 SE EI TSL AJI_2+OF-PacF2 5 Yes 1
7273 SE EI TSL AJI_4+OF-PacF4 5 Yes 1
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Table A.2.: continued

Identifier Size_Sel Seq_Prov Seq_Fac Library_Adaptors cells multi SR
7396 SE EI TSL AJI_6+OF-PacF6 8 Yes 1
7413 SE EI TSL AJI_1 1 No 1

6909.2 SE EI TSL Nextera1F+1R NA
7322 SE EI TSL AJI_5+OF-PacF5 5 Yes 1
7415 SE EI TSL AJI_7+OF-PacF7 5 Yes 1
7416 SE EI TSL AJI_1 1

7063.2 SE EI TSL AJI_2+OF-PacF2 1 Yes NA
7328 SE EI TSL AJI_1 1 No 1
6939 SE EI TSL AJI_9+OF-PacF9 5 Yes 1
7167 SE EI TSL AJI_1+OF-PacF1 5 Yes 1
7308 SE EI TSL AJI_4+OF-PacF4 8 Yes 1
6924 SE EI TSL AJI_1 1 No 1
7417 SE EI TSL AJI_7+OF-PacF7 8 Yes 1
9536 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
7063 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9543 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9545 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9549 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9583 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9837 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9871 SE UNC UNC-HTSF NEBNext_E7335 2 No 1
9944 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
6974 SE UNC UNC-HTSF NEBNext_E7335 1 No 1
9555 SE UNC UNC-HTSF NEBNext_E7335 1 No NA
9598 SE UNC UNC-HTSF NEBNext_E7335 1 No NA
9905 SE UNC UNC-HTSF NEBNext_E7335 2 No NA
9762 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9764 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9332 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9869 SE UNC UNC-HTSF/MOgene NEBNext_E7335 4 No 1
9879 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9887 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9947 SE UNC UNC-HTSF/MOgene NEBNext_E7335 2 No 1
9832 SE UNC UNC-HTSF/MOgene NEBNext_E7335 4 No NA

Table A.3.: Survey of NLR gene numbers for 92 species reported in 14 different
papers. Species names, NLR gene numbers, and reported NLR subclasses for all
reference papers are given.

Species NLRs NLR subclasses reported Reference
Actinidia chinensis 90 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Amborella trichopoda 105 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Amborella trichopoda 88 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Ananas comosus 164 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Aquilegia caerulea 195 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Arabidopsis halleri 135 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Arabidopsis lyrata 241 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Arabidopsis lyrata 134 TNL,CNL,TN (Peele et al. 2014)
Arabidopsis lyrata 204 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Arabidopsis lyrata 198 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Arabidopsis lyrata 202 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Arabidopsis lyrata 185 CNL,CN,TNL,TN,NL,N (Guo et al. 2011)
Arabidopsis thaliana 238 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Arabidopsis thaliana 135 TNL,CNL,TN (Peele et al. 2014)
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Table A.3.: continued
Species NLRs NLR subclasses reported Reference
Arabidopsis thaliana 165 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Arabidopsis thaliana 213 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Arabidopsis thaliana 168 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Arabidopsis thaliana 213 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Arabidopsis thaliana 149 CNL,NL,TNL,TN,CN,C,N,Others (Meyers et al. 2003)
Arabidopsis thaliana 149 CNL,CN,TNL,TN,NL,N (Guo et al. 2011)
Asparagus officinalis 54 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Beta vulgaris 117 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Boechera strica 314 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Brachypodium distachyon 185 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Brachypodium distachyon 501 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Brachypodium distachyon 253 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Brachypodium distachyon 327 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Brassica napus 499 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Brassica napus 471 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Brassica oleracea 239 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Brassica oleracea 327 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Brassica rapa 204 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Brassica rapa 248 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Brassica rapa 151 TNL,CNL,TN (Peele et al. 2014)
Brassica rapa 207 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Brassica rapa 196 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Cajanus cajan 256 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Cajanus cajan 289 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016, 2014)
Cajanus cajan 815 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Capsella grandiflora 115 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Capsella grandiflora 103 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Capsella rubella 75 TNL,CNL,TN (Peele et al. 2014)
Capsella rubella 152 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Capsella rubella 127 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Capsella rubella 131 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Capsicum annuum 305 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Capsicum annuum 661 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Carica papaya 48 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Carica papaya 56 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Carica papaya 46 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Chlamydomonas reinhardtii 0 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Chlamydomonas reinhardtii 0 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Cicer arietinum 102 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Cicer arietinum 227 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Citrullus lanatus 42 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Citrus clementina 399 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Citrus sinensis 443 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Coccomyxa subellipsoidea 0 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Coccomyxa subellipsoidea 3 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Coffea canephora 715 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Cucumis sativus 79 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Cucumis sativus 76 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Cucumis sativus 65 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Elaeis guineensis 145 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Eucalyptus grandis 872 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Eucalyptus grandis 788 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Eutrema salsugineum 67 TNL,CNL,TN (Peele et al. 2014)
Eutrema salsugineum 136 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Eutrema salsugineum 125 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Fragaria vesca 190 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Fragaria vesca 164 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Fragaria vesca 144 TNL,n-TNL,CNL,XNL (Zhong et al. 2015)
Fraxinus excelsior 173 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Glycine max 325 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Glycine max 784 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Glycine max 465 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016, 2014)
Glycine max 442 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Glycine max 744 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Glycine soja 952 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Gossypium raimondii 369 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Gossypium raimondii 289 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Hordeum vulgare 336 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Hordeum vulgare 318 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Jatropha curcas Palawan 185 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Leavenworthia alabamica 121 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Linum usitatissimum 196 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Linum usitatissimum 168 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Lotus japonicus 176 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Lotus japonicus 247 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Lotus japonicus 270 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Malus domestica 1032 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Malus domestica 935 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Malus domestica 748 TNL,n-TNL,CNL,XNL (Zhong et al. 2015)
Manihot esculenta 148 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Manihot esculenta 232 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Manihot esculenta 212 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Medicago truncatula 668 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Medicago truncatula 1074 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Medicago truncatula 753 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Medicago truncatula 571 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016, 2014)
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Species NLRs NLR subclasses reported Reference
Medicago truncatula 771 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Medicago truncatula 770 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Micromonas pusilla 0 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Micromonas pusilla 0 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Micromonas pusilla 0 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Mimulus guttatus 138 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Mimulus guttatus 344 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Mimulus guttatus 317 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Musa acuminata 111 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Musa acuminata 105 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Musa balbisiana 85 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Nelumbo nucifera 115 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Nicotiana tabacum 952 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Oryza glaberrima 292 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Oryza sativa 595 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Oryza sativa 498 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Oryza sativa 470 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Oryza sativa indica 616 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Oryza sativa japonica 578 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Ostreococcus lucimarinus 0 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Ostreococcus lucimarinus 0 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Panicum virgatum 1005 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Phalaenopsis equestris 60 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Phaseolus vulgaris 406 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Phaseolus vulgaris 337 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016, 2014)
Phaseolus vulgaris 334 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Phaseolus vulgaris 359 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Phyllostachys edulis 311 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Phyllostachys heterocycla 344 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Physcomitrella patens 44 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Physcomitrella patens 87 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Physcomitrella patens 69 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Picea abies 562 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Populus trichocarpa 369 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Populus trichocarpa 728 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Populus trichocarpa 483 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Populus trichocarpa 554 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Prunus mume 352 TNL,n-TNL,CNL,XNL (Zhong et al. 2015)
Prunus persica 435 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Prunus persica 416 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Prunus persica 399 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Prunus persica 354 TNL,n-TNL,CNL,XNL (Zhong et al. 2015)
Pyrus bretschneideri 469 TNL,n-TNL,CNL,XNL (Zhong et al. 2015)
Ricinus communis 169 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Ricinus communis 167 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Ricinus communis 139 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Selaginella moellendorffii 12 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Selaginella moellendorffii 18 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Selaginella moellendorffii 16 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Sesamum indicum 170 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Setaria italica 470 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Setaria italica 424 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Setaria italica 380 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Sisymbrium irio 218 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Solanum lycopersicum 264 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Solanum lycopersicum 255 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Solanum lycopersicum 223 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Solanum lycopersicum 355 CNL,TNL,CN,TL,TN,N,T,L (Andolfo et al. 2014)
Solanum melongena 242 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Solanum pennellii 201 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Solanum tuberosum 543 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Solanum tuberosum 447 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Solanum tuberosum 355 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Solanum tuberosum 438 TN,TNL,CN,CNL,NL,N (Jupe et al. 2012)
Sorghum bicolor 317 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Sorghum bicolor 422 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Sorghum bicolor 326 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Sorghum bicolor 310 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Spinacia oleracea 58 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Thellungiella halophila 131 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Thellungiella salsuginea 88 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Theobroma cacao 355 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Theobroma cacao 314 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Theobroma cacao 273 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Triticum aestivum 1224 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Triticum aestivum 1077 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Triticum urartu 563 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Vitis vinifera 590 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
Vitis vinifera 323 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Vitis vinifera 545 TNL,CNL,NL,TN,CN,N (Yu et al. 2014)
Vitis vinifera 295 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Vitis vinifera 314 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Vitis vinifera 754 TNL,TN,T,CNL,CN,C,CTN,L,NL,N,Others (Zheng et al. 2016)
Volvox carteri 2 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Volvox carteri 0 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)
Zea mays 122 CNL,CN,Nlcc,Ncc,TNL,TN,NLTIR,Tx (Kim et al. 2012)
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Table A.3.: continued
Species NLRs NLR subclasses reported Reference
Zea mays 191 NLR,N,TLR,TN,NB-ID,T2N (Sarris et al. 2016)
Zea mays 139 TNL,TN,NL,N,CNL,CN,RNL,RN (Shao et al. 2016)
Zea mays 129 TNL,TN,CNL,CN,RNL,RN,NL,N (Zhang et al. 2016)

Table A.4.: NLRs showing at least 1.5x increased expected mean normalized coverage.
norm. coverage NLR architecture subclass OG OG size Col-0 NLR in OG assembly Qual.

6.3796148475 7396|T234-R1 RPW8 R 2.26 3 - 30.5467
5.7928488541 7396|T235-R1 RPW8 R 108.1 13 - 30.5467
4.7575541689 9542|T392-R1 TIR,NB,LRR TNL 180.5 2 - 33.4558
4.5255839096 7396|T236-R1 RPW8 R 2.9 24 - 30.5467
3.7456716058 9944|T166-R1 TIR,NB,LRR TNL 5.1 4 - 35.1517
3.6816898296 7396|T233-R1 RPW8 R 151.1 11 - 30.5467
3.6724871713 7322|T388-R1 RPW8 R 2.21 12 - 32.5242
3.3421473072 9869|T322-R1 TIR,NB,LRR TNL 165.5 15 - 35.4059
3.1510536671 9944|T414-R1 RPW8 R 2.12 3 - 35.1517
3.0994992479 9610|T512-R1 NB,LRR NL 842 1 - 37.6482
3.0842557324 7396|T232-R1 RPW8 R 2.21 12 - 30.5467
3.0583708295 9658|T314-R1 Coil,NB CN 197.1 23 - 36.168
3.0233098354 9557|T421-R1 RPW8 R 151.1 10 - 37.2282
2.9740426995 108|T522-R1 TIR,NB TN 239.1 14 - 35.3142
2.9715010293 108|T375-R1 RPW8 R 108.16 9 - 35.3142
2.9514531872 9837|T471-R1 NB,Coil CN 290.1 5 - 33.4813
2.9463047237 7308|T133-R1 RPW8 R 151.1 10 - 26.3469
2.9350211606 9554|T447-R1 RPW8 R 108.12 9 - 34.59
2.9042692299 6924|T201-R1 TIR,NB TN 1418 1 - 31.8952
2.8598006773 7322|T240-R1 RPW8 R 108.1 13 - 32.5242
2.8208349621 9658|T315-R1 NB N 208.1 21 - 36.168
2.8144623532 7322|T387-R1 RPW8 R 151.1 11 - 32.5242
2.7907815413 9550|T042-R1 TIR T 178.6 2 - 33.5993
2.6834291108 9332|T245-R1 RPW8 R 2.9 24 - 26.5922
2.6573671726 6924|T121-R1 NB N 324.1 2 - 31.8952
2.5584151135 9536|T151-R1 RPW8 R 151.1 10 - 34.7751
2.4995018919 9597|T258-R1 Coil,NB CN 15.6 6 - 35.0453
2.4752911123 7328|T223.2-R1 TIR,NB,LRR TNL 16.6 12 - 29.8617
2.4745144008 5993|T426-R1 TIR T 11.18 3 - 34.2887
2.4201812456 9721|T186-R1 RPW8 R 108.12 9 - 35.6259
2.4119991367 9536|T152-R1 RPW8 R 2.31 9 - 34.7751
2.4115434378 9600|T253-R1 RPW8 R 108.12 9 - 34.3225
2.4067866467 7288|T309-R1 TIR,NB,LRR TNL 258.1 9 - 27.4731
2.3856027279 7067|T356-R1 TIR T 248.1 11 - 30.9625
2.3773175962 9542|T372-R1 TIR T 45.5 15 - 33.4558
2.3690469027 7328|T231-R1 RPW8 R 2.3 10 - 29.8617
2.3169125918 7328|T701-R1 TIR T 11.14 4 - 29.8617
2.2978494015 9518|T536-R1 TIR T 11.14 4 - 39.9199
2.2694942564 7396|T427-R1 Coil,NB CN 1039 1 - 30.5467
2.2446125075 9554|T031.1-R1 TIR,NB,LRR TNL 16.11 10 - 34.59
2.1788578288 9944|T413-R1 RPW8 R 108.1 13 - 35.1517
2.1607044513 108|T370-R1 Coil,NB CN 15.1 8 - 35.3142
2.1514656919 6906|T345-R1 RPW8 R 108.14 3 - 34.1607
2.110864828 9762|T004-R1 NB N 234.1 11 - 34.6609

2.0992539035 9869|T028-R1 TIR,NB,LRR TNL 241.1 14 AT4G16960.1 35.4059
2.0717831401 9871|T078-R1 TIR,NB,LRR TNL 176.5 2 - 36.2821
2.0657780394 9554|T340-R1 RPW8 R 2.17 8 - 34.59
2.0393804468 9762|T005-R1 LRR,TIR TL 178.2 2 - 34.6609

2.00983519 9550|T273-R1 TIR,NB,LRR TNL 241.1 14 AT4G16960.1 33.5993
2.0039150215 7308|T134-R1 RPW8 R 265.1 8 - 26.3469
2.0032320573 9550|T553-R1 TIR,NB,LRR TNL 180.2 16 - 33.5993
1.9984046747 7058|T252-R1 RPW8 R 2.1 7 - 31.6562
1.9924461234 9100|T098-R1 TIR,NB,LRR TNL 4.8 19 - 35.6972
1.9784204106 9654|T448-R1 TIR,NB,LRR TNL 180.2 16 - 36.6904
1.9771357215 9762|T011-R1 TIR T 799 3 - 34.6609
1.9767286352 7328|T389-R1 Coil,NB,LRR CNL 97.1 56 AT1G51480.1 29.8617
1.9621041881 9871|T537-R1 TIR T 11.16 7 - 36.2821
1.9509814519 9911|T545-R1 TIR T 11.6 2 - 37.3617
1.9488038407 7396|T417-R1 NB,LRR NL 1220 1 - 30.5467
1.9374840712 7415|T062-R1 Coil,NB,LRR CNL 7.21 1 - 31.3233
1.935526326 7111|T233-R1 RPW8 R 2.1 1 - 30.1482

1.9329574281 6981|T548-R1 TIR T 11.23 4 - 38.3333
1.9292594974 9869|T026-R1 TIR,NB,LRR TNL 178.4 4 - 35.4059
1.9258505424 9762|T008-R1 TIR,NB,LRR TNL 4.16 19 AT4G16920.2 34.6609
1.9214469491 9134|T514-R1 TIR T 11.2 9 - 33.1895
1.9033161959 9837|T552-R1 TIR T 11.16 7 - 33.4813
1.9007978579 9792|T497-R1 TIR T 11.19 2 - 38.7705
1.8934859275 9721|T634-R1 TIR T 11.2 9 - 35.6259
1.8892769722 6909|T487-R1 TIR T - - - 42.8018
1.8885708741 9537|T478-R1 TIR T 11.2 9 - 33.7539
1.8514805533 6899|T539-R1 TIR T 11.1 2 - 31.8748
1.8415880027 9669|T187-R1 TIR,NB,LRR TNL 180.2 16 - 36.6465
1.8340551546 6974|T551-R1 TIR T 11.6 2 - 33.7577
1.8300150201 5993|T089-R1 TIR,NB,LRR TNL 163.7 5 - 34.2887
1.8230143621 7288|T332-R1 RPW8 R 108.16 9 - 27.4731
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A. Supplementary Tables

Table A.4.: continued
norm. cov. NLR architecture subclass OG OG size Col-0 NLR in OG assembly Qual.

1.8224571158 9762|T001-R1 TIR,NB,LRR TNL 1697 1 - 34.6609
1.8220499435 9580|T696-R1 TIR T 11.2 4 - 33.4954
1.8204749852 9762|T082-R1 TIR T 766 2 - 34.6609
1.8175287288 7167|T322-R1 TIR,NB,LRR,

PF01451
TNLX 180.2 16 - 30.6264

1.8076622406 108|T560-R1 TIR T 11.25 2 - 35.3142
1.797834481 9669|T186-R1 TIR T 248.1 11 - 36.6465

1.7920624571 9557|T422-R1 RPW8 R 2.31 9 - 37.2282
1.7907483271 7373|T324-R1 TIR T 11.2 9 - 31.182
1.7899058415 9762|T002-R1 TIR T 266.1 9 - 34.6609
1.7872082951 9871|T288-R1 RPW8 R 108.8 6 - 36.2821
1.7788454329 9879|T128.1-R1 TIR T 118.1 50 AT5G38344.1 33.5256
1.7687549604 7058|T112-R1 Coil,NB,LRR CNL 3.17 7 - 31.6562
1.7685367737 9597|T566-R1 TIR T 11.2 9 - 35.0453
1.7589981208 9332|T332-R1 NB N 324.1 2 - 26.5922
1.7513540671 9837|T224-R1 RPW8 R 151.8 2 - 33.4813
1.7390433737 9871|T474-R1 TIR T 98.1 56 AT1G47370.1

(RBA1)
36.2821

1.7377237426 9944|T451-R1 Coil,NB,LRR CNL 7.15 2 - 35.1517
1.7319366831 7063|T464-R1 TIR T 11.22 2 - 35.8094
1.7297532329 6939|T320-R1 TIR,NB,LRR TNL 180.4 3 - 27.9431
1.7201943502 9762|T003-R1 TIR T 283.1 7 - 34.6609
1.713378543 9764|T236-R1 NB N 12.7 10 - 37.0734

1.7130822354 7396|T401-R1 TIR T 11.2 9 - 30.5467
1.708403574 7273|T077-R1 TIR,NB TN 122.1 54 AT1G72900.1 31.7571

1.7068195328 6909|T337-R1 NB N - - - 42.8018
1.7038458308 9610|T630-R1 TIR T 11.2 9 - 37.6482
1.6794811972 9600|T549-R1 TIR,LRR TL 1157 1 - 34.3225
1.6788728093 6924|T200-R1 TIR,NB TN 24.1 63 AT1G27170.1 31.8952
1.6684371159 9871|T289-R1 RPW8 R 2.9 24 - 36.2821
1.6651488698 9837|T051-R1 PF03106,NB,LRR,

PF00069
NLX 41.1 59 AT4G12020.2

(MAPKKK11)
33.4813

1.6562499455 7111|T044-R1 NB,LRR NL 788 2 - 30.1482
1.6462368984 7288|T093-R1 Coil,NB,LRR CNL 7.8 6 - 27.4731
1.6443940279 6924|T457-R1 TIR T 11.13 2 - 31.8952
1.6413884627 9837|T385-R1 TIR,NB,LRR TNL 10.8 16 - 33.4813
1.6333724979 6974|T290-R1 RPW8 R 108.1 13 - 33.7577
1.6120713487 9543|T532-R1 TIR T 11.16 7 - 33.3815

1.6075536 7308|T339-R1 RPW8 R 108.16 9 - 26.3469
1.6053856669 7328|T729-R1 TIR T 1562 1 - 29.8617
1.5945431782 7213|T269-R1 RPW8 R 2.21 12 - 29.9984
1.5942648897 5784|T006.2-R1 PF02671,PF03106,

TIR,NB,LRR
TNLX 41.1 59 AT4G12020.2

(MAPKKK11)
34.479

1.5921338902 7111|T234-R1 RPW8 R 108.1 13 - 30.1482
1.5758152716 7111|T043-R1 TIR,NB,LRR TNL 1286 1 - 30.1482
1.5650071293 5784|T183-R1 Coil,NB CN 8.1 1 - 34.479
1.5502151979 9597|T034.1-R1 PF02671,PF03106,

TIR,NB,LRR
TNLX 41.1 59 AT4G12020.2

(MAPKKK11)
35.0453

1.548812712 9597|T334-R1 NB,LRR NL 873 1 - 35.0453
1.5466139936 9518|T002-R1 TIR,NB,LRR TNL 1.27 26 - 39.9199
1.5438567172 6909|T327-R1 NB N - - - 42.8018
1.5433065112 7067|T247.2-R1 PF02671,PF03106,

TIR,NB,LRR
TNLX 41.1 59 AT4G12020.2

(MAPKKK11)
30.9625

1.5403231487 5993|T357-R1 TIR,NB,LRR TNL 206.1 20 - 34.2887
1.5394101809 9792|T166-R1 RPW8 R 108.12 9 - 38.7705
1.5337312161 9869|T213-R1 TIR,NB,LRR TNL 221.1 2 - 35.4059
1.5303968244 7186|T252-R1 RPW8 R 2.13 6 - 29.3276
1.5285793405 108|T571-R1 TIR T 192.1 27 - 35.3142
1.5258943958 9654|T475-R1 RPW8 R 2.21 12 - 36.6904
1.5221585901 9518|T338-R1 TIR,NB,LRR TNL 165.5 15 - 39.9199
1.5212131775 5784|T410.2-R1 TIR,NB TN 164.1 37 AT1G27180.1 34.479
1.5169843923 7067|T085.2-R1 TIR,NB,LRR TNL 1.14 11 - 30.9625
1.515837007 9600|T436-R1 TIR,NB,LRR TNL 5.2 9 AT5G41740.2

(SSI4-like)
34.3225

1.5110189653 1925|T339-R1 TIR,NB TN 239.1 14 - 37.8127
1.5099428468 7322|T199-R1 TIR,NB,LRR TNL 5.1 26 - 32.5242
1.5079159765 7328|T221-R1 TIR,NB,LRR TNL 5.12 19 - 29.8617
1.5075480622 9669|T534-R1 TIR T 11.15 1 - 36.6465
1.501615648 7288|T207-R1 TIR,NB,LRR TNL 176.1 2 - 27.4731
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